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Abstract - Growing dependence on recorded lectures and 
online video content has made it considerably harder for 
students to extract and retain key academic information 
without investing substantial time in manual note-taking. 
This paper presents a lecture summarization framework 
that converts video lectures into structured study material 
by combining Faster-Whisper for speech-to-text 
transcription with DistilBART for abstractive 
summarization. The developed system accepts uploaded 
video files or YouTube links and produces concise 
summaries, key concepts, descriptive questions, and 
multiple-choice quizzes within a single unified pipeline. An 
academic refinement module transforms informal spoken 
language into coherent formal text, improving readability 
for direct revision use. Experimental evaluation using 
ROUGE metrics demonstrates higher summarization quality 
and content retention than baseline approaches across 
diverse lecture topics. These findings confirm that 
integrating transcription, summarization, and question 
generation into one cohesive tool effectively reduces 
cognitive overload and supports self-directed learning. 
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1. INTRODUCTION 
 
The widespread adoption of digital learning platforms has 
fundamentally changed how educational content is 
delivered and consumed. Students increasingly rely on 
recorded lectures and online videos to understand 
complex academic subjects. However, the increasing 
length and volume of such content make it difficult to 
efficiently extract key information and revise important 
concepts. Studies in natural language processing indicate 
that unstructured learning content can lead to reduced 
comprehension and cognitive overload, especially when 
learners depend on passive video consumption [6], [8]. 
Traditional approaches such as manual note-taking are 
time-consuming and may result in incomplete or 
inconsistent     understanding      of         lecture               
material. 

Recent advancements in artificial intelligence and deep 
learning have enabled significant improvements in text 
understanding and generation. Transformer-based 
architectures such as those proposed in [1] have 
revolutionized natural language processing by effectively 
capturing contextual relationships within large datasets. 
Models such as BERT and BART further enhance text 
representation and summarization capabilities, producing 
coherent and context-aware outputs [4], [7]. Additionally, 
speech recognition systems such as Whisper enable 
accurate conversion of lecture audio into text, forming the 
foundation for automated content processing [3]. These 
developments provide strong support for building 
intelligent lecture summarization systems. 
 
To address these challenges, this paper proposes the 
Smart Academic Lecture Summarizer, an artificial 
intelligence-based system designed to convert lecture 
videos into structured academic study material. The 
system processes input in the form of video links or 
uploaded files and performs speech-to-text transcription 
followed by transformer-based summarization. Unlike 
conventional tools that focus only on transcription or basic 
summarization, this tool integrates multiple functionalities 
including key concept extraction, descriptive question 
generation, and multiple-choice question creation to 
support active learning and self-assessment. 
 
The system is developed using Python for core processing 
and integrates deep learning models such as Faster 
Whisper for speech recognition and DistilBART for 
summarization. An academic refinement module enhances 
readability by converting informal spoken language into 
structured academic text. The generated summaries are 
evaluated using standard metrics such as ROUGE, which 
measure the quality and coverage of the summarized 
content [6]. These evaluation techniques ensure that the 
system maintains both accuracy and coherence in its 
outputs. 
Despite advancements in summarization and speech 
processing, most existing systems are limited to 
performing individual tasks such as transcription or 
summarization. Many approaches fail to provide 
structured academic outputs or lack integrated self-
assessment features. Research in abstractive 
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summarization and sequence-to-sequence models 
highlights the importance of combining multiple 
techniques for effective content understanding [13], [14]. 
Furthermore, modern language models have 
demonstrated the potential for generating high-quality 
educational content, supporting automated learning 
systems [15]. 
This project aims to overcome these limitations by 
developing a unified system that integrates transcription, 
summarization, and content generation into a single 
pipeline. The developed framework enhances learning 
efficiency, reduces information overload, and provides a 
practical solution for transforming lecture videos into 
structured and interactive study material suitable for 
modern educational environments. 
 

2. REVIEW OF LITERATURE 
 
Transformer Architectures and Language Understanding: 
The survey explores how deep learning has transformed 
natural language processing tasks such as text 
summarization, content understanding, and information 
extraction. Transformer-based architectures have become 
the foundation of modern NLP systems due to their ability 
to capture contextual relationships within large textual 
data, enabling efficient processing of long documents and 
lecture transcripts [1]. Pre-trained models such as BERT 
further enhance language understanding by generating 
contextual embeddings, while Sentence-BERT improves 
semantic similarity analysis, enabling accurate 
identification of key topics and important segments in 
textual data [5], [7]. 
 
Summarization Models: Abstractive summarization 
techniques using transformer-based models such as BART 
and PEGASUS have significantly improved the generation 
of coherent and context-aware summaries by 
understanding the semantic meaning of input text rather 
than relying on simple extraction methods [4], [12]. 
Advanced approaches such as pointer-generator networks 
and reinforcement learning-based models further enhance 
summarization quality by balancing content coverage and 
readability [13], [14]. 
 
Speech Recognition: Speech recognition technologies play 
a critical role in processing lecture-based content, where 
models such as Whisper enable accurate conversion of 
spoken language into text, even in diverse and noisy 
environments, forming the foundation for automated 
lecture analysis [3]. Modern language models have also 
demonstrated strong capabilities in generating 
educational content, supporting automated learning 
systems [15]. 
Evaluation Metrics and Research Gaps: Evaluation of 
summarization systems is commonly performed using 
ROUGE metrics, which measure the overlap between 
generated summaries and reference text, ensuring quality 

and relevance of outputs [6]. Despite these advancements, 
most existing systems focus on individual tasks such as 
transcription or summarization and lack integration of 
multiple functionalities within a unified framework. 
Additionally, many approaches do not address the 
transformation of informal spoken language into 
structured academic text, which is essential for effective 
learning. This project addresses these gaps by integrating 
speech recognition, transformer-based summarization, 
and content generation techniques into a comprehensive 
system for lecture analysis and academic content 
generation. 
 

3. METHODOLOGY 
 
The Smart Academic Lecture Summarizer is designed as a 
structured processing pipeline that converts lecture 
videos into organized academic content using artificial 
intelligence techniques. The pipeline operates in five 
stages: (1) media acquisition, (2) speech-to-text 
transcription, (3) text preprocessing, (4) abstractive 
summarization, and (5) content generation, ensuring that 
raw lecture input is transformed into meaningful and 
structured learning material. The workflow begins with 
input acquisition, where the user provides either a 
YouTube link or uploads a video file. The system extracts 
the audio component using a media processing tool such 
as yt-dlp and prepares it for further analysis. The 
extracted audio is then processed using an optimized 
speech recognition model, Faster-Whisper, which converts 
spoken language into text efficiently. 
 
The transcription process generates timestamped outputs, 
enabling synchronization between the original lecture and 
the generated content. The obtained transcript undergoes 
preprocessing, including noise removal, normalization, 
and segmentation, to eliminate unnecessary elements and 
improve data quality. The segmented transcript is then 
processed using a transformer-based summarization 
model, DistilBART, which generates concise and context-
aware summaries. The system adopts an abstractive 
summarization approach, allowing it to rewrite content in 
a structured and coherent manner rather than performing 
simple extraction. 
 
To enhance the quality of the output, the system 
incorporates an academic refinement module that 
transforms informal spoken language into formal 
academic text by removing filler words and standardizing 
terminology. Additionally, a content generation module 
identifies key concepts and produces definitions, 
descriptive questions, and multiple-choice questions to 
support active learning and self-assessment. 
 
Finally, the system evaluates the generated summaries 
using performance metrics such as ROUGE scores and a 
custom coverage measure to assess content retention and 
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summary quality. The processed results are presented 
through an interactive user interface, providing a 
structured and efficient learning experience while 
maintaining computational efficiency and scalability. 
 

 
 

Fig. 1: Proposed Architecture of Smart Academic 
Lecture Summarization System 

 

4. IMPLEMENTATION 
 
The Smart Academic Lecture Summarization System is 
implemented as an intelligent framework that processes 
lecture videos and converts them into structured academic 
content using artificial intelligence techniques. The system 
integrates speech recognition, natural language 
processing, and content generation modules to ensure 
efficient extraction and understanding of lecture material. 
The implementation of the developed framework is shown 
in Fig.2. 

 
Fig.2: Implementation of Smart Academic Lecture 

Summarizer 
 
The system processes input in the form of a YouTube link 
or uploaded video file. The input video is first converted 
into an audio stream using a media processing module, 
which is then passed to the speech recognition system. 
The generated transcript is further processed through 

segmentation and preprocessing stages to remove noise 
and timestamps, ensuring structured and meaningful 
textual data. The processed data distribution and 
segmentation flow are represented in Fig.3. 
The architecture of the developed system consists of two 
primary models: Faster-Whisper for speech recognition 
and DistilBART for text summarization. The system 
processes lecture data step by step, converting raw audio 
into structured academic content including summaries, 
key concepts, and assessment material. 
 
[1] Faster-Whisper Model 

 
The Faster-Whisper model is used for automatic speech 
recognition and transcription of lecture audio. It is 
designed using a transformer-based encoder-decoder 
architecture that efficiently converts speech into text. The 
Faster-Whisper architecture is shown in Fig.3 
 
 

 
 

Fig. 3: Faster-Whisper architecture 
 
 Input Feature Extraction Layer: Converts raw audio 
signals into log-Mel spectrograms, capturing time-
frequency characteristics required for processing speech 
data. 
 Encoder Layer: Applies multiple self-attention layers to 
process audio features and capture temporal 
dependencies and contextual information. 
 Multi-Head Attention Layer: Enables the model to 
focus on different parts of the audio simultaneously, 
improving speech understanding and accuracy. 
 Decoder Layer: Generates text tokens sequentially 
using cross-attention with encoder outputs. 
 Output Layer: Produces the final transcript by selecting 
tokens based on probability distributions. 
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The Faster-Whisper model enables efficient handling of 
long lecture recordings with reduced latency and 
improved transcription accuracy. 
 
[2] DistilBART Model 
 
The DistilBART model is used for abstractive text 
summarization. It is a lightweight transformer-based 
model that generates concise and meaningful summaries 
by understanding contextual relationships within the text. 
The DistilBART architecture is shown in Fig. 4. 
 

 
 

Fig. 4: DistilBART architecture 
 
 Input Embedding Layer: Converts textual input into 
vector representations using token embeddings and 
positional encoding. 
 Encoder Layer: Processes the input text using self-
attention mechanisms to capture contextual relationships. 
 Multi-Head Attention Layer: Allows the model to focus 
on multiple parts of the text simultaneously, improving 
semantic understanding. 
 Decoder Layer: Generates summary text sequentially 
using cross-attention with encoder outputs. 
 Feedforward Layer: Enhances feature extraction and 
improves representation learning. 
 Output Layer: Produces the final summarized text using 
probability-based token selection. 
The DistilBART model ensures that long lecture 
transcripts are converted into concise and structured 
summaries while maintaining contextual coherence. 
 
[3] Content Processing and Generation Modules 

 
The system further incorporates multiple processing 
modules to enhance the quality and usability of the 

generated content. An Academic Refinement module is 
used to convert informal spoken language into structured 
academic text by removing filler words and standardizing 
terminology. This improves readability and ensures that 
the output resembles formal study material. 
A content generation module is implemented to extract 
key concepts and generate descriptive questions and 
multiple-choice questions. Important keywords are 
identified using pattern-based techniques, and meaningful 
questions are generated to support active learning and 
self-assessment. 
 
[4] Frontend and Output Module 

 
The system includes an intuitive web interface that allows 
users to input lecture videos and view processed results. 
The frontend is designed using web technologies to ensure 
smooth interaction and real-time feedback. The system 
generates multiple outputs, including transcript, summary, 
key concepts, descriptive questions, quiz and multiple-
choice questions, performance metrics, and share options. 
These outputs are presented in a structured format, 
enabling users to easily understand and utilize the 
generated content. 
 
[5] Evaluation and Performance 

 
To evaluate the effectiveness of the system, ROUGE-1 and 
ROUGE-L metrics are used to measure the similarity 
between the generated summary and the original 
transcript. In addition, a coverage metric is used to assess 
how effectively key concepts are retained in the 
summarized output. These evaluation techniques ensure 
that the system produces accurate, relevant, and high-
quality academic content. 
 
The overall system integrates all components into a 
unified pipeline, ensuring smooth data flow from input to 
output. The implementation is designed to ensure smooth 
system performance and usability, making it suitable for 
classroom and self-study environments. 
 

5. RESULTS AND ANALYSIS 
 
The Smart Academic Lecture Summarizer was evaluated 
using multiple lecture videos of varying durations and 
subject domains to analyze its overall performance. The 
evaluation focused on the system’s ability to generate 
structured academic summaries, preserve key concepts, 
and provide additional learning components such as 
descriptive questions and multiple-choice questions. The 
system was tested on both short and long lecture videos to 
ensure consistency across different levels of complexity. 
The complete summarization pipeline was implemented 
using a transformer-based approach, which includes 
multiple processing stages contributing to the final output: 
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• Speech-to-Text Module: Converts lecture audio into 
timestamped text using an optimized Faster-Whisper 
transcription model. 
• Segmentation Strategy: Divides long transcripts into 
smaller segments to ensure balanced and efficient 
processing. 
• Transformer-based Summarization: Generates 
concise academic summaries using the DistilBART model. 
• Content Generation Module: Produces definitions, 
descriptive questions, and multiple-choice questions from 
summarized content. 
 
 

 
 
Fig.5: Smart Academic Lecture Summarization System 

interface showing video input and processing stage 
 

 
 

Fig.6: System processing stage showing report 
generation progress in the Smart Academic Lecture 

Summarizer. 
 

 

 
 
Fig.7: Generated transcript and summarized modules 

with timestamp synchronization in the Smart 
Academic Lecture Summarizer 

 
 

 
 

Fig.8: Lecture visualization with integrated video 
playback and synchronized textual analysis in the 

Smart Academic Lecture Summarizer 
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Fig.9: Key Concept Extraction and Generation Module 

in Smart Academic Lecture Summarizer 

 

 
 

Fig.10: Display of automatically generated possible 
exam questions based on the analyzed lecture content. 
 

 

Fig.11: MCQ quiz interface presenting objective 
questions for testing user understanding. 

From the observations, it is evident that the system 
effectively generates structured academic summaries that 
capture the essential concepts of the lecture. The 
segmentation strategy ensures uniform coverage of the 
entire lecture, preventing information loss. The 
summarization model maintains coherence and logical 
flow, making the output suitable for direct academic use. 
 
Evaluation Metrics and Formulation 
To measure the performance of the summarization 
system, standard evaluation metrics were used. These 
metrics compare the generated academic summary with 
the original transcript and help assess how much 
information has been preserved. 
 
ROUGE-1: 
 
ROUGE-1 measures the overlap of individual words 
(unigrams) between the reference transcript and the 
generated summary. It reflects how effectively important 
keywords are retained. 
 

 
 
 
 ROUGE-L: 
 
ROUGE-L evaluates similarity based on the longest 
common subsequence (LCS). It captures the structural and 
sequential similarity between the transcript and summary. 
 

 
 
Where T is the transcript and S is the generated summary. 
 
Coverage Metric: 
 
A custom coverage metric is used to measure the 
percentage of unique transcript words retained in the final 
summary. 
 

 
 
Where: 

 = set of words in the transcript  

 = set of words in the summary 
 
The summarization model maintains coherence and 
logical flow, making the output suitable for direct use as 
study material. The performance of the system was 
quantitatively evaluated using ROUGE metrics and a 



          International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

               Volume: 13 Issue: 04 | Apr 2026              www.irjet.net                                                                          p-ISSN: 2395-0072 

  

© 2026, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 235 
 

custom coverage metric. The results for individual lecture 
inputs are presented in Table 1. 
 
Table-1 ROUGE and Coverage Scores for Lecture 
Videos 
 

 

 
Fig.12: ROUGE Score Comparison for Individual 

Lecture Inputs 
 
Fig.12 shows the ROUGE score comparison for multiple 
lecture inputs, highlighting the performance of the system 
in capturing key concepts from the transcript. 
The ROUGE scores indicate that the system achieves a 
strong overlap with the original transcript, particularly in 
terms of keyword extraction and sentence structure 
preservation. The ROUGE-1 score reflects effective 
retention of important terms, while ROUGE-L 
demonstrates that the sequence and contextual flow of 
information are maintained in the generated summaries. 
The system performance was further analyzed across 
multiple lecture samples, and the average results are 
presented in Table 2. 
 
Table-2 Average ROUGE and Coverage Scores Across 
Lecture Samples 
 
 

Metric Average Value 
ROUGE-1 0.50 
ROUGE-L 0.46 
Coverage 0.64 

 
 

 
 

Fig.13: Average ROUGE and Coverage Scores Across 
Lecture Samples 

 
Fig.13 represents the average ROUGE and coverage scores 
across multiple lecture samples, demonstrating the 
consistency and stability of the system. 
For the overall evaluation, the ROUGE-1 score is 
approximately 0.50, while ROUGE-L is around 0.46, and 
the coverage metric reaches approximately 0.64. These 
values indicate that the system maintains a strong balance 
between content retention and summary conciseness. The 
results confirm that the proposed summarizer is effective 
in generating structured academic summaries suitable for 
educational applications. 
In addition to summarization, the system successfully 
generated supplementary learning materials such as key 
concepts, descriptive questions, and multiple-choice 
questions. These outputs were relevant to the lecture 
content and improved the overall usability of the system 
for revision and self-assessment. 
From the results, it can be concluded that the developed 
tool effectively transforms lecture videos into structured 
academic content. The integration of transcription, 
summarization, and content generation into a single 
pipeline improves learning efficiency and reduces the 
effort required for manual note-taking. The system 
performs consistently across different lecture types and 
provides a practical solution for modern educational 
needs. 
 

6. CONCLUSION & FUTURE SCOPE OF WORK 
 
The system achieved a ROUGE-1 score of 0.50 and 64% 
content coverage across tested lectures, demonstrating 
that integrating speech recognition and transformer-based 
summarization into a single pipeline effectively reduces 
the effort of manual note-taking. This work unifies 
transcription via Faster-Whisper, abstractive 
summarization via DistilBART, and structured content 
generation into one platform, converting unstructured 

Video ROUGE-1 ROUGE-L Coverage 
Video 1 0.52 0.48 0.65 
Video 2 0.49 0.45 0.62 
Video 3 0.51 0.47 0.68 
Video 4 0.48 0.44 0.60 
Video 5 0.50 0.46 0.66 



          International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

               Volume: 13 Issue: 04 | Apr 2026              www.irjet.net                                                                          p-ISSN: 2395-0072 

  

© 2026, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 236 
 

lecture recordings into organised academic material. The 
developed framework thereby reduces manual effort, 
saves revision time, and improves learning efficiency for 
students across diverse educational settings. 
The system addresses challenges in traditional note-taking 
and content revision by utilizing optimized deep learning 
models and structured processing techniques. The 
proportional segmentation strategy ensures complete 
coverage of lecture content, while the academic 
refinement module enhances readability and maintains a 
formal structure. The integration of multiple 
functionalities, including summary generation, key 
concept extraction, question generation, and performance 
evaluation, makes the system highly effective for academic 
usage. The intuitive web interface further ensures 
accessibility for students with minimal technical 
knowledge, enabling broader adoption across different 
educational environments. 
The system holds strong potential for further 
enhancement through the development of a dedicated 
mobile application for Android and iOS platforms, 
allowing users to access summarized content and learning 
materials anytime and anywhere. Future improvements 
may include multilingual support to expand accessibility, 
as well as the integration of more advanced generative 
models to improve the quality and diversity of generated 
questions. 
As AI capabilities continue to expand alongside advances 
in educational technology, this summarizer can contribute 
to improved learning outcomes by enabling efficient 
knowledge extraction and personalized study experiences. 
The future scope of this work includes extending the 
system to support adaptive learning mechanisms and 
integration with online learning platforms, providing a 
scalable and intelligent solution for modern digital 
education. 
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