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Abstract—Historically, Artificial Intelligence (AI) was used to 
understand and recommend information. Now, Generative AI can 
also help us create new content. Generative AI builds on existing 
technologies, like Large Language Models (LLMs) which are 
trained on large amounts of text and learn to predict the next 
word in a sentence. Generative AI can not only create new text, 
but also images, videos, or audio. This project focuses on the 
implementation of a chatbot based the concepts of Generative 
AI and Large Language Models which can answer any query 
regarding the content provided in the PDFs. The primary 
technologies utilized include Python libraries like LangChain, 
PyTorch for model training, and Hugging Face’s Transformers 
library for accessing pre-trained models like Llama2, GPT- 

3.5 (Generative Pre-trained Transformer) architectures. The re- 
sponses are generated using the Retrieval Augmented Generation 
(RAG) approach. The project aims to develop a chatbot which can 
generate the sensible responses from the data in the form of PDF 
files. The project demonstrates the capabilities and applications 
of advanced Natural Language Processing (NLP) techniques 
in creating conversational agents that can be deployed across 
various platforms in the corporation, to enhance user interaction 
and support automated tasks. 

Index Terms—Generative AI, Artificial Intelligence, Natural 
Language Processing, Large Language Model, Llama2, Tran- 
formers, Document Loaders, Retrieval Augmented Generation, 
Vector Database, Langchain, Chainlit 

 

I. INTRODUCTION 

In today’s digital age, the demand for intelligent conver- 

sational agents, known as chatbots, has surged dramatically. 

These chatbots, powered by cutting-edge technologies such 

as Large Language Models (LLMs) and advanced Natural 

Language Processing (NLP) techniques, have revolutionized 

how businesses and organizations interact with their customers 

and users. In line with this technology, the project aims to 

develop a sophisticated chatbot utilizing LLMs and related 

technologies, specifically trained on a set of emails. Lever- 

aging the Retrieval-Augmented Generation (RAG) approach 

within the Python programming language, the chatbot will 

be capable of understanding user queries, retrieving relevant 

information from a corpus of email data, and generating 

contextually appropriate responses. The utilization of LLMs, 

such as Llama2, Llama3, Mistral, GPT (Generative Pretrained 

Transformer), combined with the RAG architecture, offers 

unparalleled capabilities in natural language understanding 

and generation. By training the chatbot on a specific set of 

emails, it is ensured that the chatbot is tailored to the domain- 

specific needs and queries encountered in real-world email 

communications. This approach enables the chatbot to provide 

accurate and relevant responses to user inquiries, thereby 

enhancing user experience and streamlining communication 

processes. 

By harnessing the power of LLMs, the project aims to 

create a chatbot that can understand natural language queries, 

generate contextually relevant responses, and provide valuable 

assistance to users within the company. The project idea is 

proposed in the desire to leverage cutting-edge AI advance- 

ments to enhance user interactions and streamline commu- 

nication processes. Understanding LLMs and NLP is essen- 

tial for developing advanced AI systems, chatbots, language 

models, and applications that require robust natural language 

understanding and generation capabilities. These technologies 

are revolutionizing how computers interact with and process 

human language, enabling a wide range of innovative applica- 

tions across industries, which opens a wide range of learning 

opportunities. 

II. LITERATURE REVIEW 

[1] The review suggested that chatbots can be used ev- 

erywhere because of its accuracy, lack of dependability on 

human resources and 24x7 accessibility. In recent years, ad- 

vancements in technologies such as Artificial Intelligence (AI), 

Big Data, and Internet of Things (IoT) have revolutionized 

various industries. Among these innovations, Chatbots, or 

conversational AIs, have emerged as a significant application. 

Chatbots, powered by AI and Natural Language Processing 

(NLP), simulate human conversation, offering automation and 

efficiency across diverse domains like education, healthcare, 

and business. Through a review of existing literature, this study 

explores the types, advantages, and disadvantages of chatbots, 

highlighting their versatility, accuracy, and ability to operate 

continuously without reliance on human resources. 

[2] The paper presents a college inquiry chatbot as a solution 

to challenges in locating specific information, especially for 

non-affiliated visitors in the college website. While GUI and 

web-based interfaces are mainstream, alternative interfaces 

occasionally emerge to address specific needs. Powered by 

AI and NLP algorithms, the developed chatbot intelligently 

handle queries related to various college activities, including 

examination cell, admission, academics, attendance, place- 

ment, and more. 

[3] The paper talks about the challenges posed by the 

pandemic, accessing health-care services has become increas- 

ingly difficult. To address this issue, a chatbot application 

http://www.ijsrem.com/


          International Journal of Scientific Research in Engineering and Management (IJSREM) 
             Volume: 08 Issue: 06 | June - 2024                                 SJIF Rating: 8.448                                          ISSN: 2582-3930                                                                                                                                               

 

© 2024, IJSREM      | www.ijsrem.com                                 DOI: 10.55041/IJSREM35600                         |        Page 2 

leveraging Natural Language Processing (NLP) and machine 

learning concepts is proposed. This chatbot system, developed 

using supervised machine learning, aims to provide disease 

diagnosis and treatment recommendations with detailed de- 

scriptions of various illnesses before consulting with a doctor. 

The application features a GUI-based text assistant for user- 

friendly interaction, allowing users to input symptoms and risk 

factors for their condition. The chatbot then offers personalized 

suggestions, including analgesics and advice on when to seek 

physical medical attention. 

[4] This paper introduces a Retrieval Augmented Generation 

(RAG) approach for constructing a chatbot that addresses 

user queries using Frequently Asked Questions (FAQ) data. 

Leveraging Large Language Models (LLMs), particularly a 

paid ChatGPT model, the system utilizes contextual question 

answering capabilities acquired through training. The paper 

outlines the training of an in-house retrieval embedding model 

using infoNCE loss, showcasing its superior performance 

over a general-purpose public embedding model in terms of 

retrieval accuracy and Out-of-Domain (OOD) query detection. 

Furthermore, the paper explores the optimization of LLM to- 

ken usage and associated costs using Reinforcement Learning 

(RL), proposing a policy-based model external to the RAG 

pipeline. This model interacts with the pipeline through policy 

actions, updating policies to optimize costs. 

[5] This study addresses the challenge of integrating Large 

Language Models (LLMs) into corporate environments where 

internal data utilization is limited. It proposes a method for 

implementing generative AI services using LLMs within the 

LangChain framework. The study explores various strategies 

to leverage LLMs, focusing on fine-tuning and direct use 

of document information. It details information storage and 

retrieval methods, employing the Retrieval Augmented Gener- 

ation (RAG) model for context recommendation and Question- 

Answering (QA) systems. By enhancing understanding of gen- 

erative AI technology, the study enables active utilization of 

LLMs in corporate service implementation, offering valuable 

insights for practical applications. 

III. METHODOLOGY 

The methodology of the project involves preprocessing pdf 

data, segmenting text, and generating embeddings for semantic 

understanding. Leveraging Retrieval Augmented Generation 

(RAG), Retrievers bridge generative models and external 

knowledge sources. the users interact with the LLM using a 

web application which integrates with the database and the 

generative model. 

A. Preprocessing of PDF Data 

The data is provided to the model in the form of PDF files. 

PDF documents contain text data that needs to be extracted 

for analysis. Text extraction techniques are used to convert the 

textual content of PDFs into a format that can be processed 

by the chatbot. Preprocessing steps may be applied to the 

extracted text to clean and standardize it. This can involve 

removing irrelevant content, such as headers, footers, and 

 

 

Fig. 1. Methodology for the proposed system 

 

 

non-text elements, as well as handling special characters and 

formatting issues. 

B. Text Segmentation and Embedding Generation 

The extracted text from the text files undergoes segmenta- 

tion into smaller units, enhancing the efficiency of subsequent 

processing and analysis. This segmentation divides the text 

into manageable chunks, enabling the system to focus on 

specific aspects of the information. Following segmentation, 

the system generates embeddings for the segmented text. 

Embeddings are numerical representations of text that capture 

the semantic meaning of the information. By encoding the un- 

derlying context and relationships within the text, embeddings 

enable the system to interpret and understand the content more 

effectively. This transformation of textual data into numerical 

vectors facilitates various downstream tasks, such as semantic 

search and contextually enriched content generation. 

C. Creation of Vector Store Databases 

Vector Store Databases serve as foundational components 

of the chatbot system, enabling efficient storage and retrieval 

of textual embeddings. These databases store the numerical 

representations of text, known as embeddings, which encap- 

sulate the semantic meaning of the information.The embed- 

dings stored in Vector Store Databases enable the Retriever- 

Augmented Generation (RAG) systems to retrieve and inte- 

grate relevant information into the generated outputs. RAG 

systems leverage the complementary strengths of retrieval- 

based and generation-based approaches to produce more con- 

textually accurate and informative responses compared to 

traditional generation models. 

D. Retrievers in RAG Framework 

In the RAG framework, Retrievers serve as essential com- 

ponents that bridge the gap between the generative model and 

external knowledge sources. Their role is pivotal in enriching 
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the content generation process by facilitating access to relevant 

information from external sources. Retrievers accomplish this 

by employing various techniques such as semantic search 

and information retrieval to identify and retrieve pertinent 

information based on user queries. By accessing external 

knowledge sources, Retrievers enhance the comprehensiveness 

and accuracy of the generated responses. 

E. User Interaction with Large Language Model (LLM) 

User Interaction with the Large Language Model (LLM) 

is facilitated through a dedicated web-based interface tailored 

for seamless communication. Upon receiving user queries, 

the LLM undertakes comprehension, transforming them into 

query embeddings that encapsulate the semantic essence of the 

inquiries. Leveraging these embeddings, the system conducts 

semantic searches to retrieve pertinent context, subsequently 

crafting responses that adeptly address the users’ queries. 

Through this iterative process, the LLM ensures effective and 

contextually relevant interactions, enhancing user satisfaction 

and system usability 

IV. IMPLEMENTATION AND RESULTS 

Python’s versatility, combined with its robust community 

support and cross-platform compatibility, has made itself 

widely utilized in training Large Language Models (LLMs). 

Python 3.x (Python 3.8 or higher) is used for development in 

this project. 

Deep Learning Libraries like PyTorch, LangChain as the 

primary deep learning framework for model development and 

training. LangChain is a deep learning framework primar- 

ily focused on natural language processing (NLP) tasks. It 

provides a set of tools and utilities specifically tailored for 

NLP applications, including text preprocessing, tokenization, 

sequence modeling, and language generation. LangChain aims 

to simplify the development and deployment of NLP models 

by offering high-level abstractions and pre-built components 

for common NLP tasks. 

Transformers are the architectural backbone that powers 

LLMs, enabling them to process and understand text at scale. 

Transformers Library like Hugging Face Transformers library, 

open-source library developed by Hugging Face, a company 

specializing in natural language processing (NLP) technolo- 

gies, which provides easy-to-use interfaces for working with 

transformer-based models, including both pre-trained models 

and tools for fine-tuning them on custom datasets. The library 

supports a wide range of transformer architectures, including 

BERT, GPT, RoBERTa, T5, and more. 

Chainlit is the open-source Python libraries that allows to 

create web applications for machine learning and data science 

projects with minimal effort. It’s designed to make it easy 

for developers to build interactive web apps without requiring 

expertise in web development. 

Utilizing the mentioned technologies, the chatbot has been 

developed which takes the PDF as input and answers any 

queries asked by the user. The following mentions the features 

of the developed web application: 

• The web application enables users to upload any PDF 

file they wish to query. The PDF data undergoes parsing 

to extract the relevant content. This involves removing 

unnecessary elements such as headers, footers, and any 

other extraneous details. 

• The pre-processed text is segmented into smaller units 

or chunks to facilitate efficient processing and analysis. 

This segmentation helps in managing large volumes of 

text data. Embeddings, which are vector representations 

of the text, are generated using libraries like sentence- 

transformers. These embeddings encode the semantic 

meaning of the text, making it suitable for retrieval and 

generation tasks. 

• The generated embeddings are stored in vector store 

databases like FAISS. These databases serve as reposi- 

tories for the embeddings, allowing quick and efficient 

retrieval based on semantic similarity. 

• The embeddings in the vector store enable the Retriever- 

Augmented Generation (RAG) system to retrieve relevant 

information, enhancing the contextuality and accuracy of 

the chatbot’s responses. When a user query is received, 

it is converted into query embeddings, which are used to 

perform a semantic search in the vector store to retrieve 

relevant context. 

• The project utilizes pre-trained LLM, Llama2-7B model. 

The model is obtained from the Hugging Face Trans- 

formers library, which provides tools for fine-tuning and 

deployment. 

• The retrieved context, along with the user query, is 

fed into the LLM to generate coherent and contextually 

relevant responses. The system uses RAG to integrate 

external knowledge sources seamlessly. 

• A user-friendly web-based interface is developed using 

framework, Chainlit. This interface allows users to inter- 

act with the chatbot in real-time. 

 

Fig. 2. User interface for the Chatbot 
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The implementation of the RAG framework significantly 

improved the chatbot’s ability to provide accurate and contex- 

tually relevant responses. This approach used Reinforcement 

Learning to minimize the number of LLM tokens required, 

reducing the overall computational cost. The web-based in- 

terface provided a seamless and interactive user experience. 

Users could query the chatbot and receive prompt responses, 

enhancing their overall interaction with the system. 

Figure 2 Shows the chatbot interface using which the users 

can interact with the LLM. The chatbot responds to the query 

using the data provided in the PDF files. 

V. CONCLUSION 

The chatbot is designed to engage in natural language 

conversations, providing intelligent responses to the queries 

related to uploaded PDFs. The chatbot is expected to answer 

the queries based on the the PDF data. The responses are 

generated using the Retrieval Augmented Generation (RAG) 

approach. 

In conclusion, the implementation of the chatbot using 

LLMs and the RAG framework demonstrated the potential of 

advanced NLP techniques in creating efficient and effective 

conversational agents. The project achieved significant im- 

provements in response accuracy and efficiency by employing 

the RAG framework, which integrated external knowledge 

sources to enrich the chatbot’s contextual understanding. The 

use of a policy-based model for optimizing LLM token usage 

demonstrated substantial cost savings while maintaining high 

response quality. The results of this project highlight the 

effectiveness of combining LLMs with retrieval mechanisms to 

create sophisticated conversational agents capable of handling 

complex queries. The chatbot not only automated routine 

query responses but also provided a scalable solution for 

future expansion and enhancement. The implementation sets 

a foundation for future research and development in the field 

of AI-driven conversational systems, paving the way for more 

sophisticated and efficient automated support solutions. 
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