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	Abstract 
Improving digital learning demands tools that can process different types of documents and multimedia content such as PDFs, DOCX, TXT, PPTs, videos and audios. Most of the existing traditional learning platforms tend to offer basic learning experiences, which leads to missing a chance to explore further. To address these challenges, this project proposes a solution that brings in additional components capable of intelligent learning, such as a YouTube Question Analyzer that extracts transcripts from different videos, creates relevant quizzes, and gets the answers validated. The approach utilizes advanced techniques and vector-based retrieval systems like FAISS to provide accurate and relevant information in the right context. It also deals well with both micro and macro levels of information, meaning it accommodates short precise questions as well as complex information-seeking queries. Moreover, besides analyzing the multimedia content, the application is well equipped with a solid document management system which enables efficient utilization of massive educational content. This growing need for global solutions is addressed by designing the system in such a way that the educators and learners can carry out interactive assessments in real time, making it effective for individualized learning. Such systems automate the quiz preparation for the instructor whereas the learner is able to control the learning pace to enhance understanding and retention of the content. This entire system enhances the content experience by addressing the challenge between standard resources and the increasing need for flexible adaptive content. With the objective of increasing engagement and interaction which will lead to improved learning, the solution seeks to facilitate the creation, management and distribution of educational content at a more efficient level by the institutions. 
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I. INTRODUCTION 
Modern educational environments demand personalized, flexible, and interactive learning experiences that go beyond static content delivery. Traditional digital learning platforms often restrict user interaction to content consumption, lacking adaptability to individual learner needs and the ability to handle diverse formats like PDFs, DOCX, presentations, videos, and audio [1]. This project addresses these limitations by introducing a system that supports contextual querying and intelligent document interaction. Using semantic vector embeddings and similarity search, the system retrieves relevant content from a variety of sources. It also enables YouTube video analysis—supporting transcription, summarization, question generation, and answer validation [2]. Recent advancements in Retrieval-Augmented Generation (RAG) [3], semantic embedding models, and scalable vector databases such as FAISS, enable real-time, context-driven learning support [4, 5]. Leveraging these components, this proposal aims to create a unified, intelligent educational platform for deeper engagement and knowledge retention.
· Objectives: The research work aims to deliver a scalable, intelligent learning assistant capable of understanding user queries and extracting semantically rich answers from multimedia content. The primary objectives include: 
1. Enable intelligent document processing from formats such as PDF, DOCX, PPTX, and TXT.
2. Integrate transcription models (e.g., Whisper) to analyze audio and video files including YouTube content .
3. Implement semantic vector embedding using RAG-based pipelines and FAISS for fast similarity search .
4. Automatically generate context-relevant quizzes and questions from documents and videos
5. Provide accurate, validated responses using scoring mechanisms and semantic alignment checks.
II. LITERATURE SURVEY 
The following subsections offer detailed summaries of selected research papers, capturing a wide spectrum of RAG applications, methodologies, datasets, and challenges. These summaries provide both breadth and depth into how RAG is shaping intelligent information retrieval across domains.
· Robust Multi-Modal RAG Pipeline for Documents Containing Text, Table & Images
· Authors: Pankaj Joshi, Aditya Gupta, Pankaj Kumar 
· Year: 2024 • Methodology: Multi-modal RAG pipeline integrating image, table, and text extraction for comprehensive document analysis. 
· Datasets: Custom dataset with text, tables, and images. 
· Summary: This paper introduces a new approach known as multi-modal Retrieval-Augmented Generation, which can be applied efficiently for processing documents containing interlinked text, tables, and images. The authors identify issues in existing MuRAG systems, such as failing to understand relationships between multi-modal contents, which prevents effective information retrieval and generation. The contextual links between text and visual elements are improved, and retrieval accuracy is increased by processing each page as a single image. Various question formats (short-form, long-form, multiple-choice, true-false) are tested using Hit Rate and Mean Reciprocal Rank metrics. Results show dramatic enhancements in information coherence and relevance, indicating promise for complex multi-modal document analysis. 
· Findings: Introduced a pipeline for efficient retrieval and generation using a multi-modal dataset. 
· Drawbacks: Struggles with processing very large, complex documents.
· Hybrid Retrieval-Augmented Generation Approach
   for LLMs Query Response Enhancement
· Authors: Pouria Omrani, Alireza Hosseini, Kiana Hooshanf
· Year: 2024
· Methodology: Hybrid RAG approach combining traditional search with LLMs for improved query responses.
· Datasets: Wikipedia, web-based datasets
· Summary: This hybrid Retrieval-Augmented Generation (RAG) model aims to improve both correctness and relevance of LLM query responses.Its methodology combines advanced RAG Sentence-Window and Parent Child techniques with a ranking mechanism to optimize retrieval results. High scores in correctness, relevancy, and faithfulness metrics suggest that finer, context-sensitive retrieval—coupled with parent-child relationships—enables more accurate, faithful responses. Benchmark comparisons with other RAG methods confirm notable improvements in contextual correctness and faithfulness, highlighting the potential for broader NLP applications.
· Findings: Improved LLM query accuracy by augmenting generated responses with retrieval-based content.
· Drawbacks: Limited improvement in highly specialized queries.
· A Survey on Retrieval-Augmented Text Generation for Large Language Models
· Authors: Yizheng Huang, Jimmy Huang
· Year: 2024
· Methodology: Developed a unified RAG system for handling text and visual data retrieval and generation in real-time environments.
· Datasets: ImageNet, textual datasets 
· Summary: This paper examines how Retrieval-Augmented Generation (RAG) can dynamically integrate external updates into large language models. RAG’s four stages—pre-retrieval, retrieval, post-retrieval, and generation—each enhance output relevance, accuracy, and adaptability. Coupling retrieval methods with deep learning innovations, RAG addresses key LLM weaknesses, like outdated knowledge and “hallucinations.” The survey proposes metrics and challenges to guide further research, illustrating how RAG is poised to extend LLM applications into new, data-intensive domains. 
· Findings: Enhanced performance of LLMs when integrating text and visual information for query responses. 
· Drawbacks: High computational cost for real-time retrieval and generation. 
III.  METHODOLOGY
1. System Overview This work proposes an intelligent system for information retrieval and question answering based on document and video content processing. The system integrates modern technologies such as Retrieval-Augmented Generation (RAG), semantic embeddings, large language models (LLMs), and vector databases like FAISS to address the shortcomings in traditional learning platforms [3, 4].
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2. Input Handling and Data Extraction The system supports diverse educational resources by extracting data from multiple formats:
· PDFs: Parsed using PyPDF2 or PDFMiner to extract structured and unstructured content. 
· Text & DOCX: Handled via ‘docx‘ for textual data and metadata parsing. 
· Excel Files: Structured data tables are processed using ‘pandas‘ and ‘openpyxl‘. 
· PowerPoint: Slide-wise text and annotations are extracted using ‘pythonpptx‘. 
· Audio/Video: Whisper and Google Speech-to-Text are used for transcription of multimedia content [1]. 
· YouTube: Videos are downloaded, audio extracted using ‘yt-dlp‘, and then transcribed. 
3.  Data Chunking and Late Segmentation Data is segmented into manageable chunks (100–200 words) with semantic preservation:
· Natural Segmentation: Sentences and paragraphs are maintained.
· Context-Aware Chunking: Tailored chunk sizes based on source type [5]. 
· Late Segmentation: Video/audio transcripts are chunked after full transcription to retain coherence. 
4.  Embedding Creation and Vector Indexing
Semantic embedding is performed using state-of-the-art models:
· Models: Cohere, HuggingFace Sentence Transformers [12]. 
· Vector Index: FAISS is used to store vectors for scalable and fast similarity search [11].
5. Query Processing and Categorization
User input is processed and categorized into query types:
· Text Queries: Direct input from users.
· Voice Queries: Transcribed into text using ASR systems.
· Categorization: Short-form (fact retrieval) vs long-form 
(comprehensive response) [1].
6. Similarity Search and Prompt Formation
Using FAISS, semantically closest chunks are retrieved:
· Retrieval Metrics: Cosine similarity, Euclidean distance.
· Prompt Construction: Retrieved chunks + original query = context-rich prompt.
7. Answer Generation via LLM
Prompts are passed to LLMs (e.g., GPT-4, Phi-3) for response generation:
· Types of Output: Direct answers, explanations, multiple-choice questions.
· Instruction-Tuned Models: Provide guided outputs aligned with educational tone [2]. 
IV. IMPLEMENTATION
The implementation of a contextual querying and learning enhancement system involves a robust integration of document processing, multimedia analysis, and AI-powered retrieval mechanisms. This section presents an in-depth overview of the technologies utilized, the rationale for their selection, and the architectural flow employed to ensure seamless performance. The system is designed to handle diverse input formats including PDFs, DOCX, PPT, audio, and video, providing real-time responses using state-of-the-art NLP models. Through the integration of vector databases, embedding models, and dynamic chunking techniques, the system achieves accurate, context-aware information retrieval and interactive learning experiences.
1.  Imports and Dependencies
The implementation relies on several libraries and frameworks for document retrieval, processing, and AI-driven question-answering functionalities. The key dependencies are categorized as follows: 
General Utilities: os, shutil, time, tempfile – For file handling, directory management, and temporary storage. datetime – For timestamp generation and logging. base64, re – For encoding and regular expression operations.
2. Data Processing and Machine Learning
pandas – Used for handling structured data, particularly in CSV and Excel formats. torch, transformers– Used for deep learning models such as BERT for sequence classification. whisper – A speech-to-text model used for transcribing audio content.
Natural Language Processing and AI Models: cohere – API client for Cohere, used for text generation and query expansion. Google. Generativeai
– Integrates Google’s Generative AI models (Gemini) for conversational AI.
langchain – Provides chains, text splitters, and retrieval-based AI models.
langchain google genai – Enables Google Generative AI Embeddings for vector search.
Document Handling: PyPDF2 – Extracts text from PDF files. 
fpdf –Generates conversation history PDFs. pptx – Extracts content from PowerPoint presentations.
Web Scraping and Translation: BeautifulSoup – Parses HTML content for text extraction.
googletrans – Performs language translation for multilingual support.
Multimedia Processing: cv2 – Used for image processing and computer vision tasks.
ffmpeg – Extracts audio from video files for transcription.
speech recognition – Recognizes speech from audio recordings.
Web Application Framework: streamlit – Provides an interactive UI for user interactions. st.session state – Maintains application state across interactions.
3. Results
The interface for processing PDF files allows users to upload and extract text content, which is then analyzed for downstream tasks such as question answering.
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Figure 1: PDF Processing Interface
For PowerPoint files, the system supports slide-by-slide content extraction, enabling users to analyze and interact with their presentations in a structured manner.[image: ]
Figure 2: PPT Processing Interface
Users can upload Excel spreadsheets, which are parsed into structured text, making tabular data accessible for semantic querying and contextual analysis.
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Figure 3: Excel Processing Interface
For quick assessments, the MCQ interface generates multiple-choice questions along with options and correct answers derived from the content. 
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Figure 4: MCQ Question Interface
The results interface displays AI-generated responses to user queries, allowing users to evaluate content relevance and overall system performance.
[image: ]
Figure 5: Results Interface
V. CONCLUSION
In the evolving landscape of education, traditional platforms often fail to adapt to the dynamic needs of learners, lacking contextual relevance and interactivity. This project addresses such challenges by developing a comprehensive Retrieval-Augmented Generation (RAG)-based framework, tailored to enhance digital learning systems through intelligent information retrieval and generation. Unlike static models, our approach retrieves relevant, real-time external information and integrates it seamlessly with pre-trained language model outputs, reducing hallucinations and increasing response accuracy [3]. The system processes multiple document formats such as PDF, DOCX, PPT, and spreadsheets, along with multimedia content like audio and video. One standout capability includes the extraction of YouTube transcripts, automated quiz creation, and answer validation, thus enabling contextual comprehension and self evaluation for learners. Powered by vector-based semantic search technologies like FAISS, and enhanced with domain-agnostic language models (e.g., Cohere), the backend remains highly modular and scalable for diverse academic applications. Our platform is built on a multimodal understanding pipeline that not only deals with unstructured text but also decodes tables, images, and speech. 
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Figure 3.1: RAG Working Methodology




