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Abstract: Natural Language Processing is the most useful tool in the current dynamics where Artificial Intelligence is becoming 
an integral part of everything we do today. With beginnlp we are making an effort to make this world of NLP more accessible to 
beginner level tech enthusiasts to begin with NLP with prebuilt easy to you functions like Text Summarization, Keyword 
Extraction, Translation, Name Entity Recognition, Grammar and Spelling correction, Text Preprocessing and more. 
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I. INTRODUCTION 
In the current world dynamics where Artificial Intelligence has become an important part in all our lives and fields and is being 
integrated in almost every software we use including our social media platforms, it’s important for the future developers to have a 
good grasp on Natural Language Processing. 
NLP is the branch of Artificial Intelligence which enables us to understand, interpret and use the natural day to day language used by 
us in our conversations. From understanding the prompt given by the user to giving a simple understandable answer to the queries, 
NLP plays a vital role in all the steps involved in Artificial Intelligence and how they interact with people. It is important for future 
developers to have a good grasp on NLP as the current trends shows that AI will be the most demanded and developing field in the 
upcoming decade but as a beginner it is hard for people to understand the complex working and mechanisms of NLP because of the 
mainstream libraries and modules which are harder for new developers to understand and use. The purpose of our library beginnlp is 
to provide simple to use basic features such as text summarization, translation, grammar and spell check etc and enable everyone to 
use them. 
The current mainstream libraries are all spread out and often the user has to import two or more libraries to perform these basic tasks 
but in beginnlp we provide these features built in just a single library which are easy to use and understand. These basic functions are 
what are used in almost every NLP project and is useful to perform these basic tasks. 
 

II.  LITERARY REVIEW 
In the Stanza Python NLP library by Yuhao Zhang et al [1] the authors’ primary goal was to build a Name Entity Recognition that 
goes beyond the standard Stanford CoreNLP and spaCy as they lacked customized model for language processing in the field of 
medical studies as even the scispaCy extended model of spaCy wasn’t well suited for it and they did that by building their own 
pipeline through the Stanza NLP library and combining multiple datasets for the Name Entity Recognition dataset.  
For lambeq by Dimitri Kartsaklis, et el [2] as presented by the authors to be the first high level Python library which has specially 
been designed for Quantum Natural Language Processing. From the previous researches we can see that there is a possibility of 
running simple NLP tasks on the Quantum hardware but lambeq is supposedly the very first attempt to make a practical 
implementation for this. The research primarily focuses on the quantum architecture and modularity of lambeq. 
Similar to our library, TextCL by Alina Petukhova, et el [3] focuses on pre processing tasks which help to make long lines of codes 
to just a few lines by giving multiple preprocessing module. The primary focus of TextCL is to make easy to make module and user 
friendly library that is easy to use for text data preprocessing in just a few lines. 
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III. METHODOLOGY 
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This project involves the use of several features that are listed as follows: 
1) Text Summarization: For abstractive summarization we are using Hugging face transformer with T5-base models for 

summarization and tokenizer. This returns a shorter version of the original string which is a completely new string and holds the 
very same meaning. It works more like in a way humans summarize the text by reading the string, understanding it and then 
explaining it in their words. Model like T5 include an encoder that understands the context and meaning behind a string and 
creates a shorter smoother string. This is much more natural and human like by also keeping the grammar intact. The only 
disadvantage is that it requires internet connection to run and is slower. For extractive summarization we use spaCy library to 
tokenize keywords and give them all a score by seeing their frequency and then creating the summary of the original string on the 
basis of the highest scored keywords. In this we first tokenize the sentences by breaking them down to words then removing the 
stop words and keeping only the keywords. Then on the basis of the frequency of easy keyword we give it a score and then 
sentences with highest scores are stitched together. This method does not summarize in a very natural or human way and ignores 
grammar. 

2) Grammar and Spell Check: Here we use the language_tool_python library to get a list of the errors in grammar and spellings in a 
string and return the correct words of the string. First we create a LanguageTool object and perform the .check() operation on the 
object which return a match for each error in the sentence and each match consists of position of the error, the error and the 
suggested fix. Then we fix these errors and return a corrected sentence. 

3) Text Pre-processing: This function performs various steps using spaCy and other libraries in the order, lowercase the text, remove 
punctuation, remove digits and remove white spaces and lemmatize if lemmatization is on. It finally joins together these 
keywords to form a pre-processed string. 

4) Name Entity Recognition: We use spaCy to collect all the named entities from a string and return a tuple containing the name of 
the entity and the category such are ORG, MON etc. We are loading a pretrained language model of en_core_web_sm. This 
model has vocabulary, pretrained statistical weights and a pipeline with components for tokenizer, tagger, parser and NER. We 
make a nlp object and tokenize the given sentence then the NER searches for the named entities present in the string and later we 
print these elements with their tags using a loop in form of tuples. 

5) Keyword Extraction: In this first we take the input from the user and give them context related keywords. Here we’re using the 
keybert library that is used for keyword extraction as well as put embeddings to word. A defined function that extracts keyword 
firstly. We have put keywords with their score and basically on their score we are comparing it to the context of the overall text 
and keeping top_n keywords with their score in a list keywords_with_score.  Then we have made another list keywords where we 
have saved only the keyword part of the upper variable. We return the keywords because we only want that then we have taken 
input user text and also taken that how many related keywords they want. In the end in a variable we have called the function that 
we already made that returns a list containing keywords and then print them as well users text. 

6) Translation: For language translation we have used an online free API (mymemory) that takes three inputs first the text to be 
translated , second the source language code(detected language of the input string) , third the required language and then provides 
the translated text so for the second input that is language detection we have used fasttext which is a pre - trained model used for  
language detection which can detect up to 174 languages accurately 

7) Speech-To-Text: For this we’re using the Whisper model which is a STT model from OpenAI. It can take audio from any source 
like a microphone or video and this audio is convert usually in waveform or spectrogram form which the model can understand 
and returns simple text as an output. It is designed to understand different languages and outputs. 

8) Text-To-Speech: Here we’re using the Coqui TTS tool which is a deep learning model. It first converts the text into a 
spectrogram which is like the visual form of an audio and this spectrogram is later used by a vocoder to return a human like 
speech. 

 
IV.  RESULTS AND DISCUSSION 

Each module of the library has been tested in various forms of conversations ranging from casual conversations to academic texts and 
it has performed well in all those standards. The most effective part of the library is that it’s very modular and easy to use and reduces 
the lines of code needed to perform minor to major tasks in just a few lines of code. For example the STT model was able to return for 
text data for audio forms accurately. Similarly, sentiment analysis was able to analyse the emotions of a text and so on. As of now the 
library lacks quantitative benchmarking. 
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V. CONCLUSION 
In conclusion we can see that through the made easy functions it Is easier for beginner developers to smoothen out the learning curve 
for Natural Language Processing. It provides the users with easily accessible feature which are used in day to day Natural Language 
Processing like text preprocessing, keyword extraction etc. For future we can work on fixing the limitations of the project. 

 
VI. LIMITATIONS AND FUTURE SCOPE 

There are still many limitations to our library. Like 
1) Though for most of the uses we need to import only our library but the user still needs to download multiple libraries so we can 

work on using lesser libraries. 
2) Models like Whisper for STT are accurate but the processing time is comparatively higher than many models so we can try faster 

models which are also accurate. 
3) Some modules/functions like translation and abstractive text summarization require an internet connection. We can make these 

functions available offline. 
4) We can try more methods for doing functions like keyword extraction and extractive text summarization. 
5) The dataset used for features like Name Entity Recognition and Sentiment analysis can be increased in size to get better results. 
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