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ABSTRACT 

This paper presents a RAG system (Retrieval Augmented 

Generation)that aims to improve how AI processes, accesses ,and 

generates information. Our approach uses Vector embedding to 

improve data absorption and  provide more accurate and 

contextual answers using FAISS-based on the similarity and the 

mistral searches. 

The system is created to process unstructured, unstructured 

data from a variety of sources, including PDFs and Excel files. 

Users can interact with text-based queries as well as  voice 

commands. To make this simple, we integrate Whisper AI for 

speech recognition, allowing users to ask  questions verbally, but 

Google's text speech (GTTS) gives  the answer generated by AI to 

speak the spoken language.  Convert to feedback. 

An important feature of our system is the ability to store and 

show information at a granular level. Instead of dealing with the 

entire document, organize and retrieve relevant sections to 

ensure more detailed answers. FAISS-based similarity search 

helps you efficiently find the most  relevant information in large 

data records, but Mistral 

AI  produces documents to improve the quality and consistency o

f answers will be improved. 

User can perform a profound search process, 

extract  meaningful knowledge, and interact in a seamless, 

intuitive way using AI-controlled knowledge .Ultimately,ourrag 

system bridges the gap between data calls andAI-

controlled  content generation, making information accessible 

and easy implementable in a variety of applications. 

 

Keywords: 

Large Language Models (LLMs), Data Pipelines, Data 

Retrieval  

 

 

 

I. INTRODUCTION: 

 

The Retrieval-Augmented Generation (RAG) system is a 

cool AI tool made to help machines process & make text. 

Guu and others first shared it in 2020. RAG is special 

because it mixes usual text creation models with info from 

outside sources. This helps it give answers that are more 

precise, relevant, & smart. 

 

 

 
 

Fig 1. Streamlit page 

 

At its heart, RAG uses Large Language Models (LLMs). 

These models are trained to understand and create human-

like text. What sets RAG apart is how it finds info from 

different data sources—like PDFs or Excel files—before 

making responses. So, rather than just relying on what it 
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already knows, RAG pulls in the info it needs to make better 

answers. 

 

To work well, RAG uses many techniques from natural 

language processing (NLP) and machine learning. Some of 

these techniques include text mining. This helps find useful 

details in lots of text. There’s also FAISS indexing, which 

makes it easier to store & find data quickly. RAG can even 

understand spoken language thanks to whisper-based speech 

recognition. And let’s not forget text-to-speech conversion, 

which lets it create spoken answers for interactive AI uses. 

 

The main goal of RAG is to improve and invoke AI 

understanding and invoke it on several platforms. By 

allowing users to query a wide range of data records using 

simple text or voice commands, Rag makes it easy to 

interact seamlessly in AI systems. Whether complex 

research, answering detailed questions, or creating text 

based on real-time information, RAG represents substantial 

advances in AI-controlled communication and data 

processing. 

 

       II. RESEARCH AND METHODOLOGY: 

 

A comprehensive research was done on RAG (Retrieval 

Augmentation Generation). We have made some 

interventions in the project. These are: 

 

1.  Data Ingestion: 

• PDF & Excel Processing 

         It is used to extract and process data smoothly by 

processing different data. PDF files contain text, word data, 

and images to extract text from a particular PDF. Here we 

are using a special library called PyMuPDF (Fitz). In Excel 

files, data is stored in row and column structure and we can 

easily create Excel files using libraries like Pandas. 

Extracting data from this model ensures that all the required 

data is available for further processing. 

 

• Text Chunking for Embedding 

        Chunking is the process of breaking large files into 

smaller, manageable pieces or "chunks." Chunking 

preserves the integrity of each piece while ensuring that the 

embedding model remains within the label constraints. 

These operations are then converted into embedding 

operations to achieve good results. 

 

 
 

 

Fig 2. Here the PDF file is uploaded, processed, and we are 

recording the query.  

    2. Embedding Generation: 

• Sentence Transformers for Text Embeddings 

Transformer text is a deep learning model that transforms 

text into meaningful images. Unlike traditional word 

embeddings, they capture the broad meaning of a sentence 

or paragraph. Models such as full MiniLM-L6-v2 

embeddings improve text comprehension by creating dense 

vectors that preserve semantic content. 

 

    3. FAISS-Based Retrieval: 

• FAISS 

FAISS (Facebook AI Similarity Search) is a fast library for 

searching for similarity in big data. IndexFlatL2 finds the 

most relevant ones by calculating the Euclidean distance 

between the query and data embeddings. 

 

    4. Speech Processing: 

• Whisper AI for Transcription 

 Whisper AI is a well-known and powerful speech-to-text 

and text-to-speech model developed by OpenAI that can 

convert  

audio to text with high accuracy using deep learning models. 

It supports multiple languages and can reduce ambient 

noise. 

 

    5. AI Response Generation 

• Mistral API for Text Completion 

• The Mistral API is the key to generating human-

like text based on stored data. Models are 

optimized to provide clear and relevant information 

that meets user standards. 

 

   6. Text-to-Speech 

• How gTTS Converts Responses into Speech 

• gTTS (Google Text-to-Speech) is a Python library 

that converts text to speech. This feature improves 
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the user experience, especially for voice 

applications. 

 

III. RESULTSANDDISCUSIONS: 

 

1. Efficient Document Retrieval: 

Our system uses FAISS (Facebook AI -Similarity Search) to 

access related information from uploaded documents. By 

converting text into vector code, the system can quickly 

identify and return context-related sections. The iterative 

function plays an important role in this process, ensuring 

that the answer is based not only on keyword matching but 

also on deeper semantic understanding. This confirms that 

FAISS-enabled similarity searches significantly improve 

reaction accuracy by prioritizing the most relevant 

information. 

2. ACCURATE SPEECH-TO-TEXT CONVERSION: 

For language-based interactions, the whispering AI system 

includes a state-ART speech recognition model. The 

transcribe audio function processes the audio input and 

converts it to an accurate text display. This function ensures 

that highly accurate audio queries are transcribed, leading to 

better answers. Our results support existing research where 

whispering AI provides high accuracy for linguistic text 

tasks, making it a reliable option for language-based AI 

systems. 

3. ENHANCED USER INTERACTION: 

To further improve accessibility and commitment, the 

Google Text-to-Speech (GTTS) system includes spoken 

language. By converting AI-generated text into natural 

language, this feature makes the system more user-friendly, 

especially for people with visually impaired and auditory 

answers. Adding functionality to text not only increases 

accessibility, but also improves the general user experience, 

making interactions more dynamic and interactive. 

4. CHALLENGES: 

Despite its strengths, the system faces a variety of 

challenges: 

 

Processing scanned documents: Some documents, especially 

those with inferior scans or handwritten content, may not be 

processed accurately. This can lead to data extraction or 

incomplete data extraction.  

 

Memory Usage and Scalability: Important memory is 

required to store large amounts of embedded files. This can 

be a resource-related environment limitation. The 

implementation of FAISS-DISK-based indexing helps 

mitigate this problem by enabling a large-scale search 

process without excessive RAM consumption. 

 

Overall, the system shows significant improvements in docu

ment calls, speech recognition and user interaction. While ce

rtain challenges remain, future optimizations such as improv

ed document processing techniques and more efficient mem

ory management could further improve system performance. 

 

IV. THEORYAND CONCLUSIONS: 

 

This study highlights the effectiveness of the RAG approach 

(access generation) in the processing and use of structured 

sources such as Excel tables and high-quality data from 

unstructured sources such as PDFs and raw text documents. 

It's there. By integrating FAISS for similarity, text quality 

detection, and NGASH search for speech recognition, the 

system is a powerful frame to extract, analyze, and respond 

to user inquiries via artificial intelligence. 

 

A key advantage of this system is its ability to generate 

dynamic responses related to context. In contrast to 

traditional AI models that rely solely on educated 

knowledge, RAG improves accuracy by calling real-time 

information from external sources. This feature allows the 

system to adapt, update and refine answers based on the 

most relevant data, rather than being limited to historical or 

static knowledge. As a result, RAG promotes more flexible, 

factor-based AI that can better support complex decision-

making and information calls. 

 

It is important to increase accessibility and user-friendliness 

to further improve system performance, particularly in large 

environments, by improving the system's ability to 

transcribe languages in different languages. Improved 

whispering processing capabilities can help alleviate 

transcription errors and improve the accuracy of general 

identification. The combination of script-based automation 

for creatingcontent and Mistral-API can be more structured 

to improve interaction with large, complex data records. 

Optimizing the way the system absorbs information and 

picks up processes and collections ensures that data volumes 

remain efficient as they grow. 

 

Future research to further improve the system will focus on: 

Good speech recognition for multiple languages and speech 

recognition to improve Whisper’s accuracy, especially in 

noisy environments.  

 

The combination of scripting and Mistral API generation 

can improve user interaction with large and complex data. 

The system’s ability to effectively receive, process, and 

produce relevant responses makes it a powerful tool for AI-

powered augmentation in a variety of applications. 
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Fig 3. In this figure, the AI Response is generated in both 

text and speech based on the recorded query.  

 

V. DECLARATIONS: 

 

Study Limitations: 

 

The system shows powerful capabilities in data calls, voice 

recognition and AI control answers, but some limitations 

need to be addressed for further improvement. 

 

1.  Scalability Constraints: 

 

One of the most important issues is the memory limits of the 

FAISS index. Because FAISS works primarily in memory, 

the number of data points that can be stored and retrieved 

efficiently is limited by the available RAM. With the 

increase in data records, this limit can affect performance 

and alternative strategies such as disk-based FAISS indexes 

and more advanced memory management techniques. 

Expanding support for several languages introduces more 

structural complexity and requires changes to the underlying 

architecture. 

 

2. Variability in Whisper AI’s Accuracy: 

 

The voice recognition performance of Whisper AI depends 

heavily on the quality of the audio input. The accuracy of 

transcription can be reduced when working with large 

environments or poor images. To mitigate this, the inclusion 

of noise reduction techniques or adaptive filtering can help 

improve transcription clarity and accuracy, and ensure more 

reliable language-based interactions. 

 

 

 

3. Dependence on Mistral API Performance: 

 

The responsiveness of the Mistral API-based text generation 

system depends on continuous development and 

optimization. If AI models develop quickly, the efficiency 

and maintenance of new progress requires continuous 

updates and improvements. The inclusion of real-time 

adaptability guarantees and fallback mechanisms to API is 

important to maintain system negligence. 
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