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ABSTRACT: This paper addresses the limitations of passive listening in educational audio content, such as podcasts 

and lectures. We propose a novel interactive audio question answering (QA) system that empowers listeners to become 

active participants in their learning journeys. The core innovation lies in integrating Retrieval-Augmented Generation 

(RAG) with Large Language Models (LLMs). Whisper, a state-of-the-art automatic speech recognition (ASR) tool, 

transcribes the audio into text, enabling the system to understand user queries within the context of the content. The 

LLM leverages RAG to access its internal knowledge base and retrieve relevant information from external sources 

using embeddings and a vector store. This retrieved information enhances the answer generation process, fostering a 

deeper understanding of the subject matter beyond the information explicitly presented in the audio. This interactive 

QA system with RAG-enhanced LLMs has the potential to revolutionize how listeners engage with educational audio 

content by enabling a more dynamic and personalized learning experience. Listeners can delve deeper into topics, 

clarify ambiguities, and ultimately gain a more comprehensive understanding of the presented material. 

KEYWORDS: Audio Transcription, Whisper, Generative AI, Large Language Model (LLM), Retrieval Augmented 
Generation (RAG), Embeddings, Vector Store.  
 

I. INTRODUCTION 

The surge in popularity of audio-based platforms like podcasts and audiobooks has revolutionized information access. 

However, the current model of audio consumption often suffers from limitations. Listeners passively absorb 

information presented in a linear fashion, hindering deeper engagement and exploration. This lack of interactivity 

becomes particularly problematic for educational and informative audio content. Learners seeking a more active 

experience, or those requiring a nuanced understanding of complex topics, often encounter roadblocks. They lack the 

ability to ask clarifying questions or revisit confusing sections during audio playback. This linear format can lead to 

knowledge gaps and hinder a complete understanding of the presented material. 

Recent advancements in Generative AI, particularly Large Language Models (LLMs), offer promising solutions for 

enhancing audio information consumption. LLMs possess vast knowledge and the ability to generate human-quality 

text, making them ideal candidates for developing interactive audio experiences. However, inherent limitations exist in 

LLM knowledge bases. This paper proposes a novel approach that leverages Retrieval-Augmented Generation (RAG) 

to overcome these limitations and create a robust interactive audio question answering (QA) system. 

By combining Whisper-based audio transcription with RAG-enhanced LLMs, this proposed QA system fosters a more 

dynamic and personalized learning experience. It empowers listeners to delve deeper into topics, clarify ambiguities, 

and ultimately gain a more comprehensive understanding of the presented material. The following sections will delve 

deeper into the limitations of current audio information consumption, the functionalities of the proposed QA system, 

and the potential impact on educational content engagement. 

 

II. RELATED WORK 

The field of question answering (QA) has witnessed significant progress in recent years. Traditional methods focused 

on written text data, relying on manual information extraction and keyword matching to answer factual queries. 

However, advancements in natural language processing (NLP) have paved the way for more sophisticated systems. 

http://www.ijircce.com/


International Journal of Innovative Research in Computer and Communication Engineering 

                                                    | e-ISSN: 2320-9801, p-ISSN: 2320-9798| www.ijircce.com | |Impact Factor: 8.379 | Monthly Peer Reviewed & Referred Journal | 

|| Volume 12, Issue 4, April 2024 || 
 

| DOI: 10.15680/IJIRCCE.2024.1204113 | 
 

IJIRCCE©2024                                                        |     An ISO 9001:2008 Certified Journal   |                                              3511 

 

 

These systems can handle complex questions and understand the context of the text using techniques like deep learning 

and transformers. 

One crucial advancement in NLP is Automatic Speech Recognition (ASR). Tools like Whisper achieve impressive 

accuracy in converting spoken language to text, opening doors for audio-based QA systems. This eliminates the need 

for pre-processing audio data into text, a significant hurdle for traditional methods. 

Furthermore, the rise of Retrieval-Augmented Generation (RAG) for Large Language Models (LLMs) has brought a 

new dimension to QA. RAG allows LLMs to not only leverage their internal knowledge but also focus on specific, 

relevant parts of retrieved information. This approach holds immense potential for audio-based QA, where the retrieved 

information comes from the ASR transcript 

III. EXISTING METHOD 

Traditional question answering (QA) systems primarily rely on pre-processed text data. This process often involves 

manual tasks like document cleaning, annotation, and feature engineering. These methods are not only labour-intensive 

and time-consuming but also may not scale well for large datasets. Additionally, the pre-processing step can lead to 

information loss, potentially affecting the accuracy and completeness of the answers. 

While some existing audio-based QA systems exist, they may have limitations: 

 Transcript Dependency: They might rely on pre-existing transcripts, which can be limited in availability and 

may not perfectly align with the audio content. 

 ASR Accuracy Limitations: They might employ older, less accurate ASR models, leading to errors in the 

transcript and consequently, inaccurate answers. 

Drawbacks of Existing Methods 

Here's a more specific breakdown of the drawbacks associated with current approaches: 

 Limited Scalability: Manual pre-processing of text data becomes cumbersome for large datasets, hindering 

scalability. 

 Information Loss: Pre-processing steps might remove or alter information from the original source, leading 

to inaccurate or incomplete answers. 

 Limited Context: Many current text-based and even some audio-based QA systems are restricted to the 

information explicitly provided within the text or transcript. This hinders their ability to answer questions that 

require reasoning or drawing connections to external knowledge that might be relevant to the conversation but 

not explicitly mentioned. 

 

IV. PROPOSED METHOD 

This paper proposes a novel interactive audio question answering system designed to empower users to engage actively 

with educational audio content. Here's a breakdown of the system's workflow with a focus on the information flow: 

1. Preprocessing and Embedding Generation: 

 The system begins by taking an audio file as input (podcast episode, lecture recording, etc.). 

 Whisper, a state-of-the-art Automatic Speech Recognition (ASR) model, transcribes the audio into text, 

creating a complete textual representation of the spoken content. 

 This transcript is then segmented into smaller, manageable chunks. These chunks can be individual sentences, 

paragraphs, or other meaningful units depending on the chosen strategy. 

 Each text chunk is converted into a numerical representation called an embedding with the help of an embedding 

model. This embedding captures the semantic meaning of the text chunk in a high-dimensional space.  
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 These embeddings are then uploaded to a vector store, which acts as a high-performance database specifically 

designed for storing and retrieving vectors. This allows for efficient searching and retrieval based on semantic 

similarity. 

2. User Interaction and Retrieval: 

 When a user poses a question, the system processes the user's query to understand its intent and key terms. Similar 

to the text chunks, the user's question is also converted into an embedding. 

 The vector store is then queried with the user's question embedding. This search retrieves the most semantically 

similar text chunk embeddings from the store. 

 By considering the context provided by the retrieved transcript snippets, the system identifies the most relevant 

portions of the audio content based on their semantic closeness to the user's query. 

3. Answer Generation with LLM: 

 The retrieved transcript passages, along with the user's original question, are provided as input to a Large 

Language Model (LLM). 

 The LLM leverages its knowledge and understanding of language to generate a comprehensive and informative 

answer to the user's query. Importantly, the context provided by the retrieved transcript snippets allows the LLM to 

tailor its response to the specific content and intent of the user's question. 

Our proposed system offers several advantages: 

 Direct Audio Input: This system eliminates the need for pre-processed text data, allowing users to interact 

directly with audio recordings. 

 Enhanced Efficiency: By automating the transcription process with Whisper, the system reduces manual effort 

and increases overall efficiency. 

 Improved Contextual Understanding: Natural Language Processing techniques facilitate a deeper understanding 

of the user's question and the context of the audio transcript. This allows the system to generate more relevant and 

accurate answers. 

 Access to External Information (via RAG): Retrieval-Augmented Generation empowers the LLM to go beyond 

the audio content itself and access relevant information from external sources. This broadens the knowledge base 

used for answer generation, potentially leading to richer and more informative responses. 

 Interactive Learning Experience: This system fosters a more interactive learning experience by allowing users to 

ask questions and receive answers directly within the context of the audio content. 

 

Fig 1: Flow Chart 
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V. SIMULATION RESULTS 

 

                                     Fig 2: Environment – Google Colab with GPUs 

 

 

Fig 3: The transcribed audio text using Whisper. 

 

Fig 4: Interactive Question Answering Loop  
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Fig 5: Posing Questions - 1. 

 

Fig 6: Posing Questions - 2. 

 

Fig 7: Posing Questions - 3. 

VI. CONCLUSION AND FUTURE WORK 

This paper has presented a novel interactive audio question answering system designed to empower listeners to actively 

engage with educational audio content. The core innovation lies in the integration of Retrieval-Augmented Generation 

(RAG) with Large Language Models (LLMs). By leveraging Whisper, a state-of-the-art automatic speech recognition 

(ASR) tool, the system can directly process audio data and generate informative answers to user queries within the 

context of the audio content. 

The proposed system offers several advantages over traditional methods. It eliminates the need for pre-processed text 

data, allowing for a more efficient and user-friendly experience. Additionally, the combination of RAG and LLMs 

allows the system to access and incorporate information from both the audio transcript and external sources, potentially 

leading to richer and more comprehensive answers. This ability to access out-of-context information is a significant 
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benefit compared to traditional systems. Furthermore, the interactive nature of the system fosters a more dynamic 

learning experience for users. 

Future Work 

This research lays the groundwork for further exploration and development in the field of interactive audio question 

answering. Here are some potential areas for future work: 

 Expanding the Knowledge Base: Investigating techniques to integrate domain-specific knowledge bases into 

the LLM to enhance its understanding of particular educational topics. 

 Multilingual Support: Exploring the feasibility of extending the system to handle audio content in multiple 

languages. This would require incorporating multilingual ASR models and LLMs trained on multilingual 

datasets. 

 Real-time Question Answering: Developing the system to handle real-time audio streams, enabling users to 

ask questions and receive answers during live lectures or podcasts. 

 User Interface and User Experience Design: Designing a user-friendly interface that facilitates a seamless 

question-answering experience within the chosen audio platform. 

 Evaluation and Refinement: Conducting user studies to evaluate the system's effectiveness and accuracy in 

real-world educational settings. This feedback can be used to further refine the system and improve its 

capabilities. 

By addressing these areas, we can further enhance the capabilities of this interactive audio question answering system, 

ultimately promoting a more engaging and enriching learning experience for users of educational audio content. 
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