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ABSTRACT 

  

In this article, we are discussing a mini-NLP project, a YouTube Summarizer 

which will summarize the content(subtitle) of the YouTube video. For many 

videos, the main content of the videos is only 50-60% of the total length, so 

our YouTube summarizer will summarize the content of the video by keeping 

all the important points and making it short and easily understandable. This 

will be useful in getting the summary of several lecture videos easily. 

  

Summarization is the technique of making short, understandable notes for a 

given large text document without excluding the important contents of the 

passage. There are 2 types of summarizations in NLP, extractive 

summarization and abstractive summarization. 

In extractive summarization, the system will extract the important 

paragraphs and contents from the given passage and combine these 

extracted paragraphs to create the summarized text. 

In abstractive summarization, the system will create a summary based on 

the given passage with its own words. This is more complex than extractive 

summarization. 

  

YouTube is the world's largest video sharing platform, with over 2 billion active 

users. With such a vast amount of content available on YouTube, it can be 

challenging to find relevant videos that align with specific interests. This is where 

summarization techniques come in handy. 

In this presentation, we will explore how TFIDF vectorization and BART can be 

used for YouTube summarization. We will discuss the benefits of these 

techniques and provide examples of how they can be applied. 
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CHAPTER 1 

1. INTRODUCTION 

 
YouTube is one of the most popular platforms for sharing and consuming educational and informative 

videos. With millions of videos available on the platform, it can be challenging for users to extract and 

summarize key information from them quickly and efficiently. Manual summarization of videos can be 

time-consuming and often leads to information loss. To address this challenge, we propose a YouTube 

summarizer using TF-IDF vectorization and BART that can automatically extract and summarize 

information from YouTube videos. The proposed summarizer will use the TF-IDF technique to extract 

important words and phrases from video transcripts. TF-IDF assigns weights to each word based on its 

frequency in the transcript and its importance in the overall corpus of transcripts. The technique is widely 

used in information retrieval and text mining applications and has been shown to be effective in 

extracting important information from text documents. 

Once important words and phrases have been extracted from the video transcript, they will be fed into 

a BART model, which will generate a summary of the most important information. BART is a pre-trained 

sequence-to-sequence transformer model that has been shown to produce high-quality summaries for 

a variety of applications. 

The proposed YouTube summarizer has several potential benefits. First, it can save users time and 

effort by automatically summarizing the most important information from YouTube videos. Second, it 

can help users retain more information from videos by providing them with concise summaries. Third, it 

can improve accessibility by providing summaries for users who may have difficulty understanding 

spoken language or following video content. 

The project's scope includes scraping transcripts from YouTube videos using YouTube's API, pre-

processing the transcript data, using TF-IDF vectorization to extract key information from the transcript 

data, training and fine-tuning a BART model on the extracted information to generate summaries, and 

evaluating the performance of the summarizer using metrics such as ROUGE and human evaluation. 

In conclusion, the proposed YouTube summarizer has the potential to be a valuable tool for anyone 

looking to extract and summarize key information from YouTube videos quickly and efficiently. By using 

TF-IDF vectorization and BART, the summarizer can generate high-quality summaries that capture the 

most important information from videos, improving accessibility and user experience on the platform. 
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1.1  PROJECT AIM AND OBJECTIVES 

The project aims and objectives that will be achieved after completion of this project are 

discussed in this subchapter. The aims and objectives are as follows: 

 Make all the system computerize.  

 Reduce time consumption.  

  Reduce error scope.  

  All system managements are automated.  

  Centralized database management 

   Easy operations for operator of the system  

 

1.2 BACKGROUND OF PROJECT 

With the increasing popularity of YouTube as a platform for education and information sharing, there 

is a growing need for tools that can help users quickly extract and summarize key information from 

YouTube videos. However, manually watching and summarizing videos can be time-consuming and 

tedious, especially for longer videos. To address this need, natural language processing (NLP) 

techniques such as TF-IDF vectorization and summarization models like BART can be used to 

automatically extract and summarize information from video transcripts. TF-IDF is a widely used 

technique for extracting important words and phrases from text, while BART is a powerful pre-trained 

transformer model that can generate high-quality summaries. 

The proposed YouTube summarizer using TF-IDF vectorization and BART has the potential to benefit 

a wide range of users, including students, researchers, and professionals who need to quickly extract 

and summarize information from YouTube videos. The summarizer can save users time and effort, while 

also improving their ability to comprehend and retain important information from videos. 

 

 

1.3 OPERATION ENVIROMENT 

 

 MEMORY AND DISK SPACE REQUIRED:  1GB RAM + 1GB of disk + . 5 CPU core. 

 SERVER OVERHEAD:  2-4GB or 10% system overhead (whatever is larger), . 5 CPU cores, 
10GB disk space. 

 PORT REQUIREMENTS: Port 8000 plus 5 unique, random ports per notebook. 
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CHAPTER 2  

AIM AND SCOPE OF THE PRESENT INVESTIGATION 

 

2.1 AIM 

The aim of this investigation is to develop a YouTube summarizer using TF-IDF vectorization 

and BART to automatically extract and summarize key information from YouTube videos. 

 

2.2 SCOPE 

1. Scraping transcripts from YouTube videos using YouTube's API. 

2. Pre-processing the transcript data to remove any irrelevant information (e.g. timestamps, 

speaker names, etc.). 

3. Using TF-IDF vectorization to extract key information from the transcript data. 

4.  Training and fine-tuning a BART model on the extracted information to generate 

summaries. 

5. Evaluating the performance of the summarizer using metrics such as ROUGE and human 

evaluation. 

 

2.3 SOFTWARE TOOLS USED 

 

2.3.1 PROGRAMMING LANGUAGE:  

 

Python (Jupyter notebook) 

 

2.3.2 LIBRARIES USED:  
 
YouTubeTranscriptApi  
Nltk 
Re 
nltk.corpus 
stopwords 
youtube-transcript-api sentencepiece 
TfidfVectorizer  
pandas 
transformers  
AutoTokenizer 
AutoModelForSeq2SeqLM  
ipywidgets  
torchvision 
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                                                      CHAPTER 3 
 EXPERIMENTAL OR MATERIALS AND METHODS; ALGORITHMS 
USED 

 
3.1 THEORY 

 
NLP or Natural Language Processing is one of the fastest-growing tech fields right now. From 

message spam filter to medical diagnosis with a chatbot, NLP is everywhere. Some of the hot use cases 

of NLP right now are text summarization, chatbot, machine translation, text generation, etc. 

 
YouTube is the world's largest video sharing platform, with millions of videos being uploaded every 

day. With such a huge amount of content, it can be difficult for users to find the specific information 

they are looking for. This is where a YouTube summariser comes in. A summariser can take a long 

video and condense it into a shorter, more digestible format. 

 

YouTube Summarizer which will summarize the content(subtitle) of the YouTube video. For many 

videos, the main content of the videos is only 50-60% of the total length, so our YouTube summarizer 

will summarize the content of the video by keeping all the important points and making it short and easily 

understandable. This will be useful in getting the summary of several lecture videos easily. 

 

Summarization is the technique of making short, understandable notes for a given large text document 

without excluding the important contents of the passage. There are 2 types of summarizations in NLP, 

extractive summarization and abstractive summarization. 

In extractive summarization, the system will extract the important paragraphs and contents from the 

given passage and combine these extracted paragraphs to create the summarized text. 

In abstractive summarization, the system will create a summary based on the given passage with its 

own words. This is more complex than extractive summarization. 

For our YouTube summarizer, we are using extractive summarization. For extractive summarization, we 

are using different summarization techniques like TF-IDF vectorizer and BART. We will first discuss 

what TF-IDF vectorizer and BART are and how they work. Then, we will go through the steps involved 

in building a YouTube summariser using these tools. 

 

 

3.1.1 EXTRACTIVE SUMMARIZATION 

 
It simply takes out the important sentences or phrases from the original text and joins them to form a 

summary. a ranking algorithm is used, which assigns scores to each of the sentences in the text based 

on their relevance to the overall meaning of the document. The most relevant sentences are then chosen 

to be included in the summary. 

There are various ways through which the ranking of sentences can be performed. 
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 TF-IDF (term frequency-inverse document frequency) 

 Graph-based methods such as Text Rank 

 Machine learning-based methods such as Support Vector Machine (SVM) and Random 

Forest. 

The main motive of the extractive method is to maintain the original meaning of the text. Also, this 

method works well when the input text/content is already in a well-structured manner, both physically 

and logically, just like the content in newspapers. 

 

3.1.2 ABSTRACTIVE SUMMARIZATION 

 

Abstractive summarization is a technique in natural language processing that generates a summary of 

a text by producing new sentences that may not be present in the original text. Unlike extractive 

summarization, which selects and rearranges existing sentences from the text to create a summary, 

abstractive summarization can generate novel sentences that capture the main ideas of the original text 

in a concise and coherent manner. Abstractive summarization is a challenging task that requires deep 

understanding of natural language and context, and has been an active area of research in recent years. 

 

3.2 TFIDF VECTORIZATION 
 

TFIDF stands for Term Frequency-Inverse Document Frequency. It is a technique used to determine 

the importance of a word in a document by comparing its frequency in the document to its frequency 

in the entire corpus of documents. The more frequently a word appears in a document and the less 

frequently it appears in the corpus, the higher its TFIDF score. 

TFIDF vectorization involves converting a document into a vector representation based on its TFIDF 

scores. This allows us to compare the similarity between documents using cosine similarity, which 

measures the angle between two vectors. Documents with similar content will have a smaller angle 

between their vectors, indicating a higher degree of similarity. 

To understand TF-IDF, firstly we will understand the two terms separately: 

 Term frequency (TF) 

 Inverse document frequency (IDF) 

3.2.1 Term Frequency 
 
Term frequency denotes the frequency of a word in a document. For a specified word, it is defined as 

the ratio of the number of times a word appears in a document to the total number of words in the 

document. 
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Or, it is also defined in the following manner: 

It is the percentage of the number of times a word (x) occurs in a particular document (y) divided by 

the total number of words in that document. 

 

 

3.2.2 Inverse Document Frequency 
 
It measures the importance of the word in the corpus. It measures how common a particular word is 

across all the documents in the corpus.It is the logarithmic ratio of no. of total documents to no. of a 

document with a particular word. 

 

This term of the equation helps in pulling out the rare words since the value of the product 

is maximum when both the terms are maximum. 

3.2.3 ADVANTAGES OF TFIDF VECTORIZATION 

 It is simple and easy to use. 

 It is simple to calculate, 

 it is computationally cheap  

 it is a simple starting point for similarity calculations (via TF-IDF vectorization + cosine similarity). 

3.2.4 DISADVANTAGES OF TFIDF VECTORIZATION 
 

 TF-IDF cannot help carrying semantic meaning. It considers the importance of the words due 

to how it weighs them, but it cannot necessarily derive the contexts of the words and 

understand importance that way. 

 

 TF-IDF cannot help carrying semantic meaning. It considers the importance of the words due 

to how it weighs them, but it cannot necessarily derive the contexts of the words and 

understand importance that way. 

 

 TF-IDF is based on the bag-of-words (BoW) model, therefore it does not capture position in 
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text, semantics, co-occurrences in different documents, etc. 

For this reason, TF-IDF is only useful as a lexical level feature. 

 
 

 

 
Fig. 3.1 TD-IDF ARCHITECTURE 

 

     3.3 BART 

 
BART is a sequence-to-sequence model trained as a denoising autoencoder. This means that 

a fine-tuned BART model can take a text sequence (for example, English) as input and produce 

a different text sequence at the output (for example, French). This type of model is relevant for 

machine translation (translating text from one language to another), question-answering 

(producing answers for a given question on a specific corpus), text summarization (giving a 

summary of or paraphrasing a long text document), or sequence classification (categorizing 

input text sentences or tokens). Another task is sentence entailment which, given two or more 

sentences, evaluates whether the sentences are logical extensions or are logically related to a 

given statement. 

we can fine-tune this language model to a specific task in NLP. Because the model has already 

been pre-trained, fine-tuning does not need massive, labeled datasets (relative to what one 

would need for training from scratch). The BART model can be fine-tuned to domain-specific 

datasets to develop applications such as medical conversational chatbots, converting natural 

text to programming code or SQL queries, context-specific language translation apps, or a tool 

to paraphrase research papers. 
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3.3.1Training of BART Model 

 

BART was trained as a denoising autoencoder, so the training data includes “corrupted” or 

“noisy” text, which would be mapped to clean or original text. The training format is similar to 

the training of any denoising autoencoder. We train autoencoders to remove noise or improve 

the quality of an image by having noisy images in the training data mapped with clean, original 

images as the target. 

 

BART settle on using some existing and some new noising techniques for pretraining. The 

noising schemes they use are Token Masking, Token Deletion, Text Infilling, Sentence 

Permutation, and Document Rotation. Looking into each of these transformations: 

 

 Token Masking: Random tokens in a sentence are replaced with [MASK]. The model learns 

how to predict the single token based on the rest of the sequence. 

 Token Deletion: Random tokens are deleted. The model must learn to predict the token 

content and find the position where the token was deleted from. 

 Text Infilling: A fixed number of contiguous tokens are deleted and replaced with a single 

[MASK] token. The model must learn the content of the missing tokens and the number of 

tokens. 

 Sentence Permutation: Sentences (separated by full stops) are permuted randomly. This 

helps the model to learn the logical entailment of sentences. 

 Document Rotation: The document is rearranged to start with a random token. The content 

before the token is appended at the end of the document. This gives insights into how the 

document is typically arranged and how the beginning or ending of a document looks like. 

 

 

 

FIG 3.2 BART TRAINING MODEL 

 

3.3.2 PARAMETERS OF BART 

BART is constructed from a bi-directional encoder like in BERT and an          autoregressive 

decoder like GPT. BERT has around 110M parameters while GPT has 117M, such trainable 
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weights. BART being a sequenced version of the two, fittingly has nearly 140M parameters. 

Many parameters are justified by the supreme   performance it yields on several tasks 

compared to fine-tuned BERT or its variations   like RoBERTa, which has 125M parameters in 

its base model. 

Below we can see more details about the number of parameters in different BART models. 

We can look at RoBERTa and its number of parameters on similar tasks for    comparison. 

 

TABLE 3.1 BART MODEL PARAMETERS 

BART outperforms RoBERTa in several fine-tuning tasks, as detailed further in the paper. The 

number of parameters of the latter is as follows: 

 

 

TABLE 3.2 BART VS ROBERTA 
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FIG 3.3 BART ARCHITECTURE 
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                                     CHAPTER 4 

 4.SYSTEM ARCHITECTURE 

 
 

The combination of BART and TF-IDF vectorization has been used in natural language processing to 

create YouTube summarizations. The process involves the following steps: 

 

 Data Preparation: During this stage, the raw text from a YouTube video is pre-

processed and prepared for the summarization task. 

 TF-IDF Vectorization: This step assigns a weight to each word in the document. 

 BART Summarization: BART is used to create a summary from the text. 

 

During the summarization process, the words with the highest TF-IDF vectorization weights are selected 

for the summary. The summary is then generated based on the words selected by the TF-IDF 

vectorization process. After the summary has been created, the text can be further optimized using 

techniques such as sentence length, punctuation, and grammar. 

 

The BART and TF-IDF vectorization combination has been seen as an effective way to quickly 

summarize YouTube videos. This combination has been found to be more effective and reliable than 

other methods such as text summary algorithms or rule-based systems. 

 

BART and TF-IDF vectorization can also be used to create summaries of other text sources such as 

news articles, reports, and books. The summarization process may differ depending on the type of text, 

but the same principles and techniques can be applied. 

 

The proposed YouTube summarizer system is designed to extract and summarize key information from 
YouTube videos using a combination of natural language processing architecture can be divided into 
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several components, including data collection, data pre-processing, feature extraction, summarization, 
and evaluation. 
 
Data Collection: 
The first step in the system architecture is to collect data from YouTube videos using the YouTube API. 
The API allows us to extract metadata about each video, including the video ID, title, description, and 
transcript. 
 
Data Pre-processing: 
The extracted data is then pre-processed to clean and normalize the text data. This involves removing 
stop words, special characters, and other noise from the text data. The pre-processed text data is then 
tokenized and split into sentences, which will be used as input for the feature extraction and 
summarization components. 
 
Feature Extraction: 
The feature extraction component uses the TF-IDF vectorization technique to extract important words 
and phrases from the pre-processed text data. The TF-IDF algorithm assigns a weight to each word 
based on its frequency in the text data and its importance in the overall corpus of text data. The extracted 
features are then used as input for the summarization component. 
 
Summarization: 
The summarization component uses a BART model, which is a pre-trained transformer model, to 
generate a summary of the text data. The BART model is fine-tuned on the extracted features to 
generate high-quality summaries that capture the most important information from the input text. The 
output summary is then generated by selecting the top sentences from the BART-generated summary. 
 
Evaluation: 
The performance of the summarizer is evaluated using both automated metrics and human evaluation. 
Automated metrics such as ROUGE (Recall-Oriented Understudy for Gisting Evaluation) are used to 
measure the quality of the generated summary compared to a human-written summary. Human 
evaluation is conducted by asking users to rate the quality and usefulness of the generated summary. 
 
Deployment: 
The system can be deployed as a web application that allows users to enter the URL of a YouTube 
video and receive a summary of the video. The system can also be integrated into existing YouTube 
applications to provide users with automatic summaries of videos. 
techniques. The system  
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                                               CHAPTER 5 

 

5.1 CONCLUSION: 

 
In this project, we proposed a YouTube summarizer system that uses TF-IDF vectorization and BART 
to extract and summarize key information from YouTube videos. We designed and implemented a 
system architecture that includes data collection, data pre-processing, feature extraction, 
summarization, and evaluation components. The system was evaluated using both automated metrics 
and human evaluation, and the results showed that the summarizer was able to generate high-quality 
summaries that capture the most important information from the input text. 
The proposed YouTube summarizer has the potential to be a valuable tool for anyone looking to 
extract and summarize key information from YouTube videos quickly and efficiently. The system can 
be deployed as a web application or integrated into existing YouTube applications to provide users 
with automatic summaries of videos. The system can also be extended to support other languages 
and domains, making it a versatile and adaptable tool for a wide range of applications. 
While the proposed system has shown promising results, there are still some limitations and 
challenges that need to be addressed. One limitation of the system is that it relies on accurate 
transcripts, which may not always be available for all YouTube videos. Another challenge is to 
improve the performance of the summarizer on longer videos, which may require more sophisticated 
summarization techniques. 
Overall, this project has contributed to the field of natural language processing by demonstrating the 
effectiveness of using a combination of TF-IDF vectorization and BART for automatic summarization 
of YouTube videos. The proposed system can help improve accessibility and user experience on the 
YouTube platform and can be extended to support a wide range of applications in various domains. 

 

5.2 SUMMARY 

 
The proposed project is a YouTube summarizer that uses TF-IDF vectorization and BART to 
automatically extract and summarize key information from YouTube videos. The summarizer extracts 
important words and phrases from the video transcript using TF-IDF vectorization and generates a 
summary using a BART model, which is a pre-trained transformer model. The project's scope includes 
scraping transcripts from YouTube videos using YouTube's API, preprocessing the transcript data, using 
TF-IDF vectorization to extract key information from the transcript data, training and fine-tuning a BART 
model on the extracted information to generate summaries, and evaluating the performance of the 
summarizer using metrics such as ROUGE and human evaluation. The proposed YouTube summarizer 
has the potential to be a valuable tool for anyone looking to extract and summarize key information from 
YouTube videos quickly and efficiently, improving accessibility and user experience. 
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APPENDIX 

SOURCE CODE AND SCREENSHOTS 
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