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ABSTRACT: To automatically summarize a piece of content, one must reduce the length of the original text while 

preserving the key informational elements and meaning of the content. Automatization of manual text 

summarization, which is a time-consuming and generally labor-intensive process, is gaining in popularity as a 

result of this, and is therefore a strong motivation for academic research. Abstracting and summarizing large texts 

is essential in today's world of data overload. Numerous methods of summarizing text have been developed over 

time. As a result of the redundancy and omission of the document summary relationship, traditional methods create 

a summary directly It has been shown that deep learning techniques are effective in generating summary. We focus 

on text summarization techniques based on deep learning that have been developed over the years. 
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1. Introduction 
 

To automatically summarize a piece of content, one must reduce the length of the original text while preserving the key 

informational elements and meaning of the content. Automatization of manual text summarization, which is a time-consuming 

and generally labor-intensive process, is gaining in popularity as a result of this, and is therefore a strong motivation for 

academic research. The volume of text data from a number of sources has exploded in the big data age. Text volumes like these 

are a goldmine for knowledge that must be skillfully summarized in order to be helpful. Humans generally read a work in its 

entirety to gain a thorough comprehension before writing a summary that highlights its most important elements. Computers 

lack human knowledge and linguistic aptitude, making text summary challenging. 

By employing algorithms such as page rank algorithms, natural language processing techniques may be used to summarize a 

piece of text When it comes to text summary, these algorithms are great, but they can't come up with fresh phrases that aren't 

in the document. As well as grammatical mistakes can be made.  As a result, we may rely on Deep Learning, a model for text 

summarizing is used by the inclusion of new phrases. Thus, to create summaries that are both grammatically and logically 

correct, we employ deep learning algorithms. 

Deep Learning  

When conducting transformations and feature extractions, several nonlinear processing units are used in a cascade, such that 

the result of one layer is fed as an input to the next layer. It is possible for deep learning algorithms to learn from inputs in both 

an unsupervised and a supervised way, using a series of feature layers. As a result of a generalized learning process, the features 

layers are not specified and developed by humans but are automatically learned from generalized learning. 

Text summarizing approaches involve extracting terms directly from the textual material in order to create the summary. 

Lemmatization is a process that involves eliminating stop words and identifying noun groupings, However, using standard 

approaches has the main drawback of generating a summary that is considering there is no record of the terms previously 

picked, it is conceivable that certain words will appear in the summary as well as they did in the main text. In addition, typical 

techniques have a relatively low correlation between the produced summary and the document. Consequently, the summarized 

material makes it harder for consumers to grasp the document. In this way, to overcome disadvantages, deep learning methods 

are used for summarization. 

Need for text summarization 

When it comes to text summarization, it's necessary to extract words straight from a text in order to preserve its meaning. In 

lemmatization, noun groups are identified by removing stop words. To be sure, utilizing standardized techniques has its 

downsides, such as the inability to generate. In light of the fact that there is no record of the keywords previously chosen, it is 

possible that some words will occur both in the summary as well as they did in the main text. Additionally, the connection 

between the summary and the document produced by usual approaches is rather low. It is therefore more difficult for customers 

to understand a text that has been summarized. As a result, automatic text summarization is done. 
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Approaches used for automatic text summarization: 

There are two main types of how to summarize text in NLP: 

 Extractive Summarization. 

 Abstractive Summarization. 

1. Extractive Text Summarization: Extracting important terms from the source document and using them in a summary is 

called extractive text summarizing (ETS). The texts are not altered in any way throughout the extraction process. This 

process is shown in Figure 1. 

2. Abstractive Text Summarization: As part of the abstraction process, sections of the original material are paraphrased 

and condense as shown in Figure 2. Text summarization using abstraction helps overcome the grammatical errors of the 

extractive approach when it is used in deep learning. They construct new phrases and sentences to convey the most useful 

information from the original text, much like people do. 

Therefore, abstraction performs better than extraction.

.  
Figure 1: Extractive Summarization 

 
Figure 2: Abstractive Summarization

 

2. Literature Review 
Diverse writing styles and numerous aspects of legal topics covered in the text make automatic summary of legal material 

difficult. The authors of Legal Text Summarization offer a thorough analysis of techniques utilized in (Kanapala et al., 2019). 

To summarize legal texts, Kim et al. (2012) used an asymmetric weighted graph, in which phrases are represented as nodes in 

a graph. For the summary, only sentences with high node values are chosen for inclusion in the summary table. As a collection 

of connected graphs, a document is represented as a collection of sentences that belong to the same linked component. This 

method promotes diversity and, as a result, ensures a smooth flow. According to (Kavila et al., 2013), the authors use both 

keyword / key phrase matching and case-based techniques. Using discriminant analysis for multi document summarization of 

Arabic text to capture information variety is proposed in (Oufaida et al., 2014). 

Hierarchical Latent Dirichlet Allocation (hLDA) can be used to cluster judicial decisions (Venkatesh, 2013). To conduct hLDA 

and to discover the summary of each document using the same topics, the similarity measure between topics and documents is 

used. According to (Seth et al., 2016), the significance score may be calculated by summing across each sentence the TF-IDF 

scores for each word in the sentence and normalizing by the sentence length.  

According to (Saravanan et al., 2008), the summarizing work is divided into two steps – segmentation of the document by 

rhetorical role identification using conditional random field, and production of summary from the segments thus identified. 

 Many models are proposed for text summarization, ranging from basic multi-layer networks to sophisticated neural network 

designs (Sinha et al., 2018). But as far as we know, deep learning techniques have rarely been employed for the creation of 

legal document summaries. To summaries legal texts using automated sentence labelling, we provide a deep learning-based 

technique. 

. 

3. Objectives 
 

The main goal of this project is to  

 Utilize deep learning to determine the most essential information from a given text and provide it to the end user. 

 Implement machine learning algorithms that can be programmed to understand papers and identify key information. 

4. Methodology 
 

Natural Language Processing 

Natural language processing (NLP) is a field of artificial intelligence (AI) that assists computers in understanding, interpreting. 

Researchers have shown that natural language processing (NLP) may be used to organize and arrange knowledge in order to 

accomplish tasks such as translation and summarization. 

Components of NLP: Five main Component of Natural Language processing are: 

 Morphological and Lexical Analysis 

 Syntactic Analysis 

 Semantic Analysis 

 Discourse Integration 

 Pragmatic Analysis 

Each word is dissected into its constituent parts.  

Semantic Analysis: When a syntactic analyzer assigns meanings to a sentence, it is called Semantic Analysis As the name 

implies, this component converts a series of What it does is illustrate how the words are related to one another. 

Syntax analysis: Syntax's smallest units are generally accepted to be words. If you want to know more about the syntax, it's the 

principles and rules that control the sentence in any language. 

Pragmatic Analysis: Analysis of the communicative and social content as well as its impact on interpretation is the focus of 

Prag. It refers to the process of deriving or abstracting the meaningful use of language. As a result of this research, the major 

attention is always on what was said and how it is conveyed 

E.g., "close the window?" should be interpreted as a request instead of an order. 
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5. Simulation methodology 
I. Extractive Approach  

To summarize articles, extractive techniques choose the most significant words from a selection of terms. Summary sentences 

are weighted based on the most significant parts of sentences. Sentences are ranked based on significance and similarity using 

a variety of algorithms and approaches. Due to the fact that this technique is unable to generate text by itself, the result will 

always contain a portion of the original text. For extractive summarization, a variety of methods exist. Simply said, we will 

use unsupervised learning to discover related sentences and score them. That way we don't have to train and construct a model 

before we can use it for our project. 

Unsupervised approach: Without supervision, the robots are taught to use data that has neither been categorized nor labelled. 

Essentially, this implies that no training data may be supplied, and the computer is forced to learn There should be no need for 

any prior knowledge of the data in order for the computer to classify it. It is necessary to programme the machine so that it 

may learn on its Both organized and unstructured data must be understood and analysed by the computer. Here's an example 

of unsupervised learning in action: 

NLP is well supported by Python's libraries. The NLTK (natural language toolkit) will be used to summarize material. 

Step 1: Importing required libraries 

 There are two NLTK libraries that will be necessary for building an efficient feedback summarizer. 

       from nltk.corpus import stopwords 

       from nltk import word_tokenize, sent_tokenize 

Terms Used here are: 

 Corpus: As the name implies, corpus is a collection Anything including texts, such as poetry by one poet or an author's 

body of work, may be used as data sets. A set of pre-determined stop words will be used in this situation. 

 Tokenizers: it breaks down a text into tokens. Tokenizers include word, phrase, and regex tokenizers. 

Step 2: Removing Stop Words and storing them in a separate array of words. 

Stop Word: There are a number of words that are not necessary in a sentence, such as (is, a, an, the, for). Think about the 

following statement as an example. 

 Jammu and Kashmir is the northern most state of India and is also called as crown of India. 

After removing stop words, we can narrow the number of words and preserve the meaning as follows: 

‘Jammu’, ‘and’, ‘Kashmir’, ‘northern’, ‘most’, ’state’, ‘india’,’also’, ‘called’, ’crown ’, ‘india’. 

Step 3: Create a frequency table of words. 

When stop words are removed, a python dictionary will keep track of how many times each word appears as shown in Figure 

3. In order to determine which sentences contain the most relevant material in the entire text, we may run each sentence through 

the dictionary. 

Step 4: Assign score to each sentence depending on the words it contains and the frequency table 

We can use the sent tokenize ( ) method to create the array of sentences as shown in Figure 4 . Secondly, we will need a 

dictionary to keep the score of each sentence. 

 

 
Figure 3: Creating a Frequency Table  

 
Figure 4: Assign scores to sentences 

Step 5: Assign a certain score to compare the sentences within the feedback. 

A simple approach to compare our scores would be to find the average score of a sentence as illustrated in Figure 

5. The average itself can be a good threshold. Apply the threshold value and store sentences in order into the 

summary as shown in Figure 6. 

.  
Figure 5: Assign Scores to compare the sentences 

 
Figure 6: Apply threshold and store sentences  

II. Abstractive Summarization 

From the original content, we create new phrases. Comparatively speaking, this is in contrast to the extractive 

method, in which we only employed the phrases that were a result of the abstractive summarizing process, certain 

sentences may not be contained in the original text. 

Let’s first understand the concepts necessary for building a Text Summarizer model before diving into the 

implementation part. 

Recurrent Neural Network: There is a kind of neural networks known as Recurrent neural networks RNNs that 

are particularly useful for modelling sequence data, such as time series This design is based on the principle of 

sequential information. The RNN network is supplied with a significant volume of the most frequently occurring 

words. In order to anticipate the next word in a phrase, the programme examines the data by looking for terms 

that appear often. As a result, do you realize just how important the RNN is to our everyday. As a matter of fact, 

it has made us lazy. The basic structure of RNN and the image showing basic equations of RNN are shown in 

Figure 7 and Figure 8.
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Figure 7: Basic Architecture of RNN 

 
Figure 8: Basic Equations of RNN 

Types of RNN architectures: —Basic RNN architectures  

One to One: Also known as a vanilla neural network, this technology When dealing with simple machine learning 

issues, it. 

One to Many: It has single input and many outputs. Application: used in image captioning like, what we saw in 

dog catching ball in the air previously. 

Many to One: It has many inputs and a single output. This is basically used in analyzing sentiments, where we 

give a sentence as an input and get sentiment regarding that as a output. 

Many to Many: It takes a sequence of inputs and generate a sequence of outputs. Application: Machine 

Translation. 

Issues while training a RNN: 

 Vanishing Gradient Problem. 

 Exploding Gradient Problem. 

As a deep neural network is being trained, the gradients go back to the starting layer. As a result of the chain rule, 

the gradients must run through a continuous matrix. They diminish rapidly to the point where they disappear if 

their values are tiny (1). This phenomenon is known as the vanishing gradient issue. As a result, information is 

lost over time This is known as the expanding gradient problem and occurs when gradients have huge values (>1). 

 Issues due to these problems: 

 Long training time 

 Poor Performance 

 Bad Accuracy 

Introduction to Sequence-to-Sequence (Seq2Seq) Modeling 

With the Seq2Seq paradigm, we can analyse and solve any problem with sequential information. Some of the 

most frequent uses of sequential information are Sentiment categorization, Neural Machine Translation, and 

Named Entity Recognition. 

A text in one language is fed into Neural Machine Translation, which outputs a text in another language. 

 
A series of words is sent into Named Entity Recognition, which returns a list of tags for each word in the input 

sequence.: 

 
Our goal is to create a text summarizer that takes a long series of words (in a text body) as input and outputs a 

brief summary of the text (which is a sequence as well). It's a Seq2Seq issue with many-to-many components, 

which we can model. As an example, consider the following Seq2Seq model architecture: 

There are two major components of a Seq2Seq model: 

 Encoder 

 Decoder. 

To address the Seq2Seq challenge, encoder-decoder architecture is employed. To further comprehend this, let's 

look at it from the standpoint of text. As an input, you provide a long string of words, and as an output, you provide 

a condensed version of input sequence 

We can set up the Encoder-Decoder in 2 phases: 

 Training phase. 

 Inference phase. 

Training phase: After setting up encoder and decoder, we will move on to the training phase of the In the next 

phase, we will train our model to predict the target sequence with a Encoder. 

Encoder: One word is supplied into the encoder at each timestep by an Encoder Long Short Term Memory Model 

(LSTM). Each timestep is processed and contextual information from the input sequence is captured. This can be 

seen in Figure 9. To initialize the decoder, the hidden state (hi) and cell state (ci) of the last time step are utilized. 

Keep in mind that this is due to the fact that the encoder and decoder are two separate sets of the LSM architecture. 

Decoder: As with the encoder, the decoder is an LSTM network that reads the whole target sequence word-by-

word and predicts the same sequence, but with Using the preceding word as a cue, the decoder is taught to 

anticipate the following word Basic structure of Decoder can be shown in Figure 10. 

 

 
Figure 9: Basic Structure of Encoder 

 
Figure 10: Basic structure of Decoder 

In order to decode the target sequence, special tokens called <start> and <end> must be appended to it. While decoding the test 

sequence, the target sequence is unknown. In order to anticipate the target sequence, the initial word, which is always <start>, 

is passed to the decoder. It's also worth noting that <end> signifies the end of the sentence. 
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Inference Phase: After training, the model is tested on new source sequences for which the target sequence is unknown. So, 

we need to set up the inference architecture to decode a test sequence. 

Working of Inference:  

Here are the steps to decode the test sequence: 

1. To do this, encrypt the whole input stream, then use the encoded data to initialize the decoder 

2. Decoder should be given the <start> token as an input. 

3. Then, run the decoder for a single timestep  

4.  The likelihood of the following word will be returned. The most likely term will be chosen. 

5. Pass the sampled word to the decoder in the next timestep and update the internal states with the current timestep. 6. 

6. Tokenize the target sequence by repeating steps 3 through 5 until the <end> token is generated or we reach the target 

sequence. 

For example, let's say [x1, x2, x3, x4] is the test sequence. For this test sequence, how will the inference process function?  

1. Encode the test sequence into internal state vectors 

2. Observe how the decoder predicts the target sequence at each timestep: 

 

 
Figure 11: Timestep t=1  

 
Figure 12: Timestep t=2  

 
Figure 13: timestep t=3 

 

 

6. Results 

 
In order to create the model, we'll need to become familiar with a few terminologies. 

 Return Sequences = True: This is because LSTM creates the hidden and cell states for every timestep when 

return sequences is set to True. 

 Return State = True: When return state = True, As its name suggests, LSTM generates just the hidden state 

and cell state of last timestop. 

 Initial State: Initializes the LSTM's internal states for the first timestep. 

 Stacked LSTM: It is composed of several layers of the LSTM that are placed on top of each other. A better 

representation of the sequence results from this. Stacking many LSTMs on top of each other is an excellent 

method to learn. 

Here, we are building a 3 stacked LSTM for the encoder which is seen in Figure 14 and the output can be seen in 

Figure 15: 

 
Figure 14: Three stack LSTM for encoder  

 
Figure 15: Output for 2 stack LSM for encoder  

We are using sparse categorical cross-entropy as the loss function since it converts the integer sequence to a one-hot vector on 

the fly. This overcomes any memory issues. 

 model.compile(optimizer='rmsprop', loss='sparse_categorical_crossentropy') 

 

Using a user-specified measure, it determines when to cease training the neural network. As we are keeping an eye on the 

validity loss ( Once the validation loss rises, our model will stop training: 

 es = EarlyStopping(monitor='val_loss', mode='min', verbose=1) 

 

We’ll train the model on a batch size of 512 and validate it on the holdout set (which is 10% of our dataset): 

 history=model.fit([x_tr,y_tr[:,:-1]], y_tr.reshape(y_tr.shape[0],y_tr.shape[1], 1)[:,1:] 

,epochs=50,callbacks=[es],batch_size=512, validation_data=([x_val,y_val[:,:-1]], 

y_val.reshape(y_val.shape[0],y_val.shape[1], 1)[:,1:])) 

 

 Understanding the Diagnostic plot 

Now, we will plot a few diagnostic plots to understand the behavior of the model over time: 

 from matplotlib import pyplot  

 pyplot.plot(history.history['loss'], label='train')  

 pyplot.plot(history.history['val_loss'], label='test')  

 pyplot.legend() pyplot.show() 
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Output:  

 
Figure 16: Output of Cross Entropy  

After epoch 10, we may deduce that the validation loss has increased slightly. Because of this, we will no longer train the 

model after this epoch. 

Next, let’s build the dictionary to convert the index to word for target and source vocabulary: 

 reverse_target_word_index=y_tokenizer.index_word  

 reverse_source_word_index=x_tokenizer.index_word  

 target_word_index=y_tokenizer.word_index 

  

Inference 

The various steps involved are  

Step 1: Set up the inference for the encoder and decoder as shown in Figure 17  

 
Figure 17: Inference setup for Encoder and Decoder 

Step 2: This function implements the inference procedure can be illustrated from Figure 18  

 
Figure 18: The interference procedure implementation 

Step 3: We now, define the functions to convert an integer sequence to a word sequence for summary as well as the 

reviews as shown in Figure 19. 

 
Figure 19: Defining functions and converting into a word sequence  
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Step 4 Here, in Figure 20 are a few summaries generated by the model: 

 
Figure 20: Examples of the Output Summaries  

 

7. Conclusion 
While our model's summary and the actual one do not have the same word count, they both convey the same message. Using 

context from the text, our model is able to create a readable summary of the content. Our technique was able to give 90% 

accuracy. 
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