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Abstract

In today’s era of rapidly evolving digital ecosystems,
accessing and understanding large, complex policy documents
remains a major challenge for students, institutions, and
stakeholders. Traditional manual search methods are
inefficient, time-consuming, and prone to misinterpretation. To
overcome this limitation, this paper presents a Retrieval-
Augmented Generation (RAG) powered chatbot that integrates
large language models (LLMs) with similarity-based retrieval
mechanisms for precise and context-aware responses. By
leveraging a vector store and embeddings for document
chunking, the chatbot retrieves the most relevant sections of the
policy and generates human-like answers using the Grok LLM.
This hybrid approach ensures factual consistency, improves
user accessibility, and provides real-time feedback collection.
Experimental evaluation demonstrates that the RAG chatbot
significantly improves query accuracy, reduces response time,
and enhances user satisfaction. The system shows strong
potential for scalable, cost-effective, and interactive policy
assistance in academic and administrative domains.

Keywords— RAG, LLM, FAISS, Policy Document, Chatbot,
Information Retrieval.

I. INTRODUCTION

Universities and organizations often rely on lengthy
policy documents to govern academic regulations,
examinations, grading systems, progression rules, and
administrative  procedures. These documents, while
comprehensive, are typically hundreds of pages long and
written in formal legal or academic language, which makes
them difficult to interpret quickly. Students, faculty, and
administrators frequently face challenges when they need
immediate answers to specific queries, such as credit
requirements, grading criteria, or internship rules. Traditional
approaches—such as manually searching PDFs or browsing
FAQs—are not only time-consuming but also fail to capture
the semantic intent behind user queries.

In recent years, conversational Al has emerged as a
promising solution to bridge the gap between users and
complex institutional knowledge. However, traditional
chatbots, whether rule-based or retrieval-only, fall short in
providing contextually accurate and user-friendly answers.
Rule-based bots are rigid and limited to pre-defined queries,
while retrieval-only systems often present raw excerpts without
coherent explanations. On the other hand, large language
models (LLMs) like Groq and GPT have the ability to generate
natural and context-rich answers.
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To address these challenges, Retrieval-Augmented
Generation (RAG) has emerged as a hybrid solution. By
combining semantic retrieval with generative reasoning,
RAG ensures that responses are both factually correct and
linguistically fluent. In this framework, relevant sections of
policy documents are retrieved from a vector database
(FAISS) using embeddings, and then passed to an LLM
(Grok) that generates accurate, human-like responses.

Our proposed RAG Chatbot for Policy Document
Enquiry and Feedback builds upon this architecture. Unlike
traditional systems, it not only provides instant, context-
aware responses but also includes a feedback mechanism that
allows users to rate or refine responses. This ensures a
continuous cycle of improvement, enhancing both accuracy
and user satisfaction. Moreover, the system is scalable to
multiple domains (academic, administrative, or corporate)
and adaptable to different document types.

By making policy documents conversationally
accessible, this project has the potential to reduce confusion,
improve institutional transparency, and save valuable time for
students, staff, and decision-makers.

II. LITERATURE SURVEY

The rapid progress in artificial intelligence and
natural language processing has reshaped how users access
and interact with digital information. While policy documents
and academic resources are now widely available online, their
length and complexity make traditional keyword search
inadequate. To address this, researchers have increasingly
focused on Retrieval-Augmented Generation (RAG),
which combines information retrieval with large language
models (LLMs) to deliver accurate and context-aware
responses.

Kulkarni et al. [1] demonstrated how reinforcement
learning can optimize RAG pipelines, reducing token costs
while maintaining accuracy. Similarly, Akkiraju et al. [2]
proposed the FACTS framework, highlighting freshness,
architecture, cost, testing, and security as critical factors for
scaling enterprise RAG chatbots.

In education, Antico et al. [3] introduced the Unimib
Assistant, a RAG chatbot for university students, showing
promise but noting retrieval limitations. Neupane et al. [4]
developed BARKPLUG V.2, which achieved high factual
accuracy (0.96) in campus support. Beyond academia, Freitas
and Lotufo [5] applied RAG to retail via Retail-GPT, which
improved shopping assistance but revealed risks of
hallucinations and security issues.
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Several works have focused on accessibility and
personalization. Oreski and Vlahek [6] introduced Flowise Al
to simplify chatbot deployment for universities, while Wang et
al. [7] proposed UniMS-RAG, integrating retrieval and
generation for higher personalization. Nguyen and Quan [8]
presented URAG, a hybrid system combining rule-based
responses with RAG for university admissions, balancing
accuracy with cost efficiency. Khana et al. [9] evaluated Llama-
2 and Mistral models in RAG setups, confirming their value for
student services. In healthcare, Nayinzira and Adda [10]
developed SentimentCareBot, integrating sentiment analysis
with RAG to improve mental health chatbot interactions.

Overall, prior research confirms that RAG enhances
chatbot accuracy and usability across domains, but
persistent challenges—hallucinations, retrieval precision, and
scalability—remain. These insights directly shaped the design
of the proposed RAG-based chatbot for policy document
enquiry and feedback.

ITII. EXISTING SYSTEM

Most universities today provide access to their
academic regulations and policy documents through online
portals in the form of downloadable PDFs, keyword-based
search tools, or static FAQ sections. While these systems make
information technically available, they often fail to deliver
relevant, context-aware, and user-friendly responses. Students
and faculty members must manually navigate lengthy
documents or repeatedly refine search queries, which can lead
to frustration, wasted time, and misinterpretation of crucial
rules.

Traditional chatbots have been introduced in some

cases, but they typically fall into two categories: rule-based
bots and retrieval-only systems. Rule-based bots rely on pre-
defined patterns and responses, making them rigid and
incapable of handling unexpected queries. Retrieval-only
systems can fetch text fragments from documents, but they
often present answers without sufficient explanation or
contextual clarity. Moreover, both approaches lack adaptability
to user intent and cannot provide the interactive, conversational
experience expected in modern Al solutions.
Another limitation of current systems is the absence of
feedback mechanisms. Users may encounter unclear or
unsatisfactory answers, yet there is no structured way to capture
this input for system improvement. This lack of continuous
learning prevents existing solutions from evolving over time.

Disadvantages of Existing Systems

e Manual search is time-consuming, inefficient, and
prone to human error.

e Rule-based chatbots lack flexibility and cannot adapt
to varied phrasing of user queries.

e Retrieval-only systems often provide fragmented or
incomplete answers without context.

e No built-in mechanism to collect user feedback for
improving the quality of responses.

e Limited personalization, as current systems cannot
adapt answers based on user type (student, faculty, or
administrator).
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IV.PROPOSED SYSTEM

To address the limitations of current university
policy access methods, the proposed solution introduces a
Retrieval-Augmented Generation (RAG)-based Chatbot
specifically designed for policy document enquiry and
structured feedback collection. The system leverages the
combined strengths of information retrieval and large
language models to provide accurate, context-aware, and
user-friendly answers. Unlike traditional approaches, this
chatbot not only retrieves relevant content but also interprets
and explains it in natural language, making policies more
accessible to students, faculty, and administrators.

The architecture is organized into three key layers:

1. Document Processing:
Policy documents are ingested and pre-processed through
parsing and chunking. Each chunk is embedded using an
open-source embedding model, and these vector
representations are stored in FAISS, a high-performance
similarity search index. This allows for fast and scalable
retrieval across large collections of regulations.

2. Query Handling:
When a user submits a query, it is transformed into an
embedding and compared against the FAISS vector store.
The most relevant chunks are retrieved based on semantic
similarity, ensuring that the chatbot understands both the
context and intent of the question.

3. Response Generation:
The retrieved chunks are passed into the Groq Large
Language Model (LLM), which synthesizes the
information into a coherent, conversational, and policy-
compliant response. The model ensures that answers are
both factually grounded in the source documents and
presented in an easy-to-understand manner.

In addition, the system incorporates a feedback collection
mechanism. Users can rate or comment on responses, and
this feedback is stored in a dedicated database. Administrators
can later review this data to assess chatbot performance,
identify knowledge gaps, and continuously fine-tune the
system for improved accuracy and reliability.

Advantages of the Proposed System

e Provides accurate and context-aware responses by
grounding answers in official policy documents.

o Eliminates the need for manual navigation and
document search, saving time and effort.

e Highly scalable, capable of supporting multiple
policies across institutions.

e Incorporates a feedback-driven learning loop,
ensuring continuous system enhancement.

o Improves user engagement and trust by delivering
natural, conversational explanations.

e  Offers potential for future integration with student
portals, mobile applications, or cross-institutional
policy databases.
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Fig 1: Proposed Model

IMPLEMENTATIONS

e Frontend:

A React-based web application serves as the user
interface. It provides an interactive platform where users
can type queries, receive chatbot responses in real time,
and submit ratings or feedback. The frontend ensures a
smooth user experience with a responsive design suitable
for desktops and mobile devices.

e Database:

A Microsoft SOL Server database is used to store system
metadata, user queries, and feedback records. This
enables admins to analyse user interactions, track system
performance, and enhance the model iteratively based on

The user enters a query in the frontend interface.
2. The backend retrieves relevant document chunks
from FAISS.

3. The Grok LLM generates a natural, context-aware

answer.

4. The response is displayed to the user in real time.
5. The user has the option to rate or provide feedback,
which is logged in the database.

This modular implementation ensures that the chatbot is
scalable, efficient, and user-centric, while also enabling
future upgrades such as advanced analytics, additional policy
integration, and improved personalization.

VI. DEPLOYMENT DIAGRAM

RAG Chatbot Use Case Deployment Diagram

The implementation of the RAG-based Chatbot system is
structured into four major components: data preparation,
backend, frontend, and database integration. Each of these
modules plays a critical role in ensuring smooth functionality,
scalability, and accuracy of the chatbot.

e Data Preparation:
Policy documents in PDF format are ingested using
PyPDF?2. The content is split into smaller, semantically
meaningful chunks using RecursiveCharacterTextSplitter.
Each chunk is then transformed into high-dimensional
vector representations through an open-source embedding
model. These embeddings are indexed and stored in FAISS,
allowing for efficient similarity-based retrieval during
query handling.

e Backend:

The backend is implemented in Python (Flask framework).
It manages query processing, retrieval, and communication
with the Grok LLM API. When a user submits a query, the
backend uses FAISS to retrieve the most relevant
document chunks and passes them to the Grok model,
which generates a context-aware,
response. The backend also handles logging of queries and
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Fig 2: Use Case Deployment Diagram
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Fig 3: Flow-Chart

VIII. RESULTS AND DISCUSSION

Response Accuracy by Query Type
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Fig 4: Response Accuracy Graph

This bar chart illustrates the response accuracy of the RAG
chatbot by query type, measured as a percentage. The chart
compares five query categories: General Policy, Exam Rules,
Credit System, Feedback, and Others. The accuracy for each type
is high, with General Policy queries achieving the highest
accuracy (around 92%), while Exam Rules, Feedback, and
Others each maintain accuracies above 85%. Credit System
queries have the lowest, but still robust, accuracy in the mid-80%
range. Overall, the graph demonstrates that the chatbot reliably
delivers accurate responses across diverse policy-related queries,
with only minor variations between different categories.
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Fig 5: Comparison Graph

This bar chart compares the performance of Keyword Search,
Traditional Chatbot, and RAG Chatbot systems across three
metrics: Accuracy, Relevance, and Satisfaction. The RAG
Chatbot consistently scores the highest in all categories,
followed by the Traditional Chatbot, with Keyword Search
showing the lowest scores. This indicates that the RAG Chatbot
outperforms the other systems in delivering accurate, relevant
answers and achieving higher user satisfaction.

Feedback Analysis

Suggestions
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Fig 6: Feedback Analysis Pie-chart

This pie chart presents a feedback analysis for the RAG
chatbot, breaking down user responses into four categories.
The majority of feedback is positive, making up 65% of all
responses. Neutral feedback accounts for 20%, negative
feedback comprises 10%, and suggestions constitute the
remaining 5%. This distribution indicates that most users have
a favorable impression of the chatbot, with a smaller
proportion offering neutral comments, criticism, or
suggestions for improvement.
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User Satisfaction Ratings
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Fig 7: User Satisfaction Ratings

This radar chart displays user satisfaction ratings across four
key aspects of the RAG chatbot: Accuracy, Clarity, Ease of
Use, and Usefulness. All categories score highly, with each
rating close to 4.5 out of 5. This indicates that users find the
chatbot accurate, clear, easy to use, and useful, reflecting a
strong overall user experience.

IX. CONCLUSIONS

This project successfully demonstrates a RAG-based
chatbot designed to simplify access to complex university
policy documents. By integrating FAISS-based semantic
retrieval with Groq’s generative language model, the system
is capable of producing accurate, context-aware, and user-
friendly responses. The use of document chunking and
embeddings ensures that information retrieval is efficient and
precise, even when users frame queries in diverse natural
language forms.

An important feature of the system is the feedback
mechanism, which allows continuous improvement through
user evaluations of responses. This ensures adaptability over
time and enables administrators to monitor performance,
identify limitations, and refine the system further. Unlike
traditional keyword search portals or static FAQs, the chatbot
reduces manual effort, minimizes misunderstandings, and
provides a more conversational and intuitive interface.

The system also demonstrates scalability—new
policy documents can be added to the vector store with minimal
effort, and the architecture can be extended to support multiple
departments or institutions. From an institutional perspective,
this contributes to improved transparency, faster resolution of
student and staff queries, and overall enhancement of
communication efficiency.

In summary, the RAG-based chatbot not only reduces
query resolution time but also improves information
accessibility, institutional trust, and user satisfaction. With
planned extensions such as multilingual support, advanced
analytics, and integration with mobile platforms, the system
has the potential to become a comprehensive and sustainable
solution for policy enquiry and feedback management in
academic and administrative domains.
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X. FUTURE ENHANCEMENTS

While the current system demonstrates strong
performance in policy document retrieval and feedback
management, several enhancements can be considered to
further improve scalability, usability, and adaptability:

e Mobile Application: Extend support for Android and
i0OS platforms, enabling students and staff to access
policies and submit queries on the go. Push notifications
can keep users updated on policy changes, new circulars,
or feedback responses.

e  Multilingual Support: Incorporate machine translation
and multilingual embeddings to support students from
diverse linguistic backgrounds, ensuring inclusivity and
accessibility.

e Advanced Analytics: Provide administrators with
dashboards that track frequent queries, unresolved issues,
and trends in feedback. This can help identify knowledge
gaps, improve documentation, and optimize institutional
communication strategies.

e Integration with ERP/SIS: Connect the chatbot with
existing Enterprise Resource Planning (ERP) and
Student Information Systems (SIS) to provide
personalized responses based on user profiles (e.g.,
course details, semester, eligibility).

e Al-based Feedback Analysis: Use Natural Language
Processing (NLP) and sentiment analysis to
automatically categorize feedback as positive, negative,
or neutral. This will allow institutions to take proactive
actions to improve user satisfaction.

e Voice-based Interaction: Enable speech-to-text and
text-to-speech ~ features for users who prefer
conversational, voice-enabled access to policy
documents.

e Offline Access: Develop mechanisms to cache
frequently accessed documents and chatbot responses
locally, ensuring usability in low-connectivity
environments.

e Domain Adaptability: Extend the chatbot framework to
handle not just academic policies, but also HR manuals,
corporate guidelines, healthcare protocols, and legal
regulations, making it a versatile solution.

e Security Enhancements: Strengthen data privacy
through end-to-end encryption, role-based
authentication, and compliance with standards such as
GDPR, ensuring sensitive academic or institutional data
is safeguarded.

e Continuous Learning Pipeline: Automate retraining of
embeddings and updating of the FAISS index when new
documents are uploaded, ensuring the chatbot remains
up-to-date without manual intervention.
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