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Abstract: 
Natural language processing and language models define 
subsequent phrase predictions. To bet, the following matching 
sentences are used in search engines, sentence or text content 
processing, and documentation applications. The most likely 
phrase is a high-value match for that sentence. In this task, 
subsequent phrase predictions are performed using the deep 
learning version. First, we preprocessed the text content, 
normalized the text content, and implemented four specific deep 
learning classifiers to experiment and check statistics for 
expecting subsequent words. Canonical Neural Network (CNN), 
Recurrent Neural Networks (RNN), Long Short-Term Memory 
(LSTM), and Bidirectional Long Short-Term Memory (BiLSTM). 
Of these deep algorithms, CNN when implemented contributed a 
high loss and much lower accuracy, and Bidirectional LSTMs 
resulted and were noted with high accuracy and low loss. These 
classifiers are run sequentially and comparisons are primarily 
based on loss discounts and accuracy characteristics. The results 
obtained show that the CNN's loss discount and accuracy were 
the worst and BiLSTM achieved the highest quality. 
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1. Introduction 

Text mining has gained quite a significant importance 
during the past few years. Data in recent times are 
available to users through many sources like electronic 
media, digital media, and many more. This data is usually 
available in the most unstructured form and there exist a 
lot of ways in which this data may be converted into a 
structured form. In many real-life scenarios, it is highly 
desirable to classify the information in an appropriate set 
of categories. News contents are one of the most important 
factors that influence various sections.  

The objective of this paper is to efficiently classify 
web news into the specified four categories like health, 

business, entertainment, and science & technology. In 
order to achieve this initially the Natural Language 
Processing techniques are applied to get the interesting 
pattern and efficient Machine Learning classification 
algorithms are applied like SVM, LSTM, Decision Tree, 
and KNN thus high accuracy is expected to be obtained. 
The contributions of the proposed framework are 
threefold: 
1) The proposed framework can retrieve latent semantic 
information about social entities from the big data of 
media texts. 
2) The proposed framework makes it possible to assess 
the soft power of social entities based on analyzing and 
projecting the media image of these social entities, which 
is constructed out of related media texts, to the soft power 
space. 
3) The proposed framework integrates the top-down, 
deductive, human-intelligence based, and useful. 
In this paper, we have considered the problem of the 
classification of news articles. This paper presents 
algorithms for category identification of news and has 
analyzed the shortcomings of a number of algorithmic 
approaches. 

2. Review of Literature  

Language modeling represents the first boundary in 
neural network research. A significant benchmark for 
Neurolinguistic modeling is Bengio et al. [1], who 
implemented the n-gram language model as a feed-forward 
neural network with historical words as input and 
predicted words as output. Schwenk et al. [2] take these 
language models into machine translation (also known as 
"continuous spatial language models") and use them in 
reclassification, similar to previous work on speech and 
voice recognition. Schwenk [3] suggested a number of 
changes and implementation is carried out using an open-
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source tool kit. Schwenk [4], developed and carried out an 
analysis based on GPU training (Schwenk et al [5], Finch 
et al. [6] used an iterative neuronal network language 
template to re-evaluate the best list for the translation 
system. 

Sundermeyer et al. [7] compared the feed-forward 
implementation with long short-term neural network 
language models; Mikolov [8] proposed significant 
improvements by re-ranking n-best lists of machine 
translation systems with a recurrent neural network 
language model. 
Mikolov [8] reported significant improvements with a 
reordering of the list of the best machine translation 
systems with the cyclic neural network language model by 
first grouping words into classes and encoding words as a 
class- and word-in-class bit pairs,  

Baltescu et al. [10] sufficiently reduced computing 
complexity to enable the integration of the neural network 
language model into the decoder. Another way to reduce 
the complexity of the calculation to allow for the 
integration of the decoder is to use the contrast and noise 
estimate of Finch [9]. It standardizes the output score of 
the template during training, eliminating the need to 
calculate values for all possible output words. Wang et al. 
[11] converted a continuous spatial language model from a 
limited list of 8,192 words to a traditional n-gram language 
model in the ARPA (SRILM) format.  

Wang et al. [11] presented a method to merge (or 
"zoom") a continuous-spatial language model with a 
traditional n-gram language model to take advantage of the 
two best guesses for words in a list drawn with a compact 
and complete enhancement of the traditional model. 
Neurolinguistic models are not deep learning because they 
use many hidden layers.  Wang et al. [12] presented a 
novel method of “merging” or “growing” a continuous 
space language model with a traditional n-gram language 
model to take advantage of both better estimates for the 
words in the shortlist and the full coverage from the 
traditional model. 
However, Luong et al. [13] showed that between three and 
four masked coatings improved after conventional coating. 
Terminal neural machine translation becomes more 
difficult.  
A data-oriented monolingual language model is added by 
Gülcehre et al. [14]to this model, in the form of a cyclic 
neural network operating in parallel. They compared the 
use of the language model re-arrangement (or re-
organization) to a deeper integration where a self-

contained unit governs the relative contributions of the 
language model and the translation model when predicting 
a word.  

Baltescu and Blunsom [15] compared two classes that 
are based on word coding techniques with normalized 
scores with noise contrast, and estimates without 
normalization scores and showed that the latter gives 
better performance with higher speed and much higher 
accuracy in another way to enable simple decoder 
integration. Some internal representation studies focus 
only on language models.  

Linzen et al.[16] proposed the subject-verb agreement 
task, especially when interrupted by other nouns, as a 
challenge for sequential models that should preserve 
agreement information. Gulordava et al. [17] extended this 
idea to several other hierarchic language issues.  

Giulianelli et al. [18] construct a classifier to predict 
verb agreement information from internal states in 
different classes of the LSTM language model and go 
further and demonstrate that changing the state of 
decoding aggregates based on the information obtained 
through the classifier which allows making better 
decisions. He compared the quality of purely (variable) 
attentional models with recurrent neural networks involved 
in hierarchically dependent decisions. Their experiments 
show that the cyclic neural network best performs tasks 
like the subject-verb agreement limited by a recursive 
phrase. 

Zhang and Bowman[19] show that states obtained 
from a two-dimensional language model are better for 
parts of speech marking and hyper-score tasks than 
encoder states from a neural translation model.  

Dhar and Bisazza [20] explored whether multilingual 
training leads to more general syntactic generalization, but 
could achieve find only a small improvement in agreement 
tasks when completely isolated vocabularies. 

   
3. Methodology of the Proposed Work: 

Why use LSTM? 
Vanishing gradient descent is a problem faced by neural 
networks when we go for backpropagation. It has a huge 
effect and the weight update process is widely affected and 
the model becomes useless. This paper deals with how we 
can use a neural model better than a basic RNN and use it 
to predict the next word. We deal with a model called 
Long Short term Memory (LSTM).  
 
Long Short-Term Memory method: In LSTM, it focuses 
in the  classification of text where an identified classifier 
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can learn long-term dependencies between the texts. The 
LSTM classifier is a form of recurrent neural network or 
RNN, which is a layered network that uses the previous 
outputs for the inputs of the next layer.  
St, 1 S1 St 1,1, Xt    First Layer ---     3.1  
𝑆𝑡, 𝑖 𝑆𝑖 𝑆𝑡 1, 𝑖. 𝑆𝑡, 𝑖 1                   3.2  
𝑌𝑡 𝑆𝑖 1 𝑆𝑡, 𝐼                3.3  

Y~-Yt=loss                                 3.4  

 
Feedback connections are included in LSTM architecture, 
permitting it to implement with sequences of data as a 
replacement in place of just single data points. Therefore 
an LSTM node consists of a cell, input gate, output gate, 
and forget gate. The cell is what remembers the values 
over a time interval and the three gates regulate how the 
informal- tin will flow through the cell.  
St  Sσg Wf Xt  Uf St 1  bf                    3.5   
Sft  Sσg WiXt  UiSt 1  bi                      3.6   
Sot  Sσg WoXt  UoSt 1  bo                         3.7   
S˜t  Sσh Wcxt  UcSt 1  bc                                     3.8   
St  St ◦ ci 1  it ◦ c˜t                    (3.9)  
St  Sot / σh ct              (3.10) 
Equations (3.5)–(3.10) which are mentioned above are 
used in the creation of an LSTM with a forget gate. Where 
W and U are matrices containing the weights for the inputs 
and recurrent connections. Xt is the input vector unit, Sft is 
the for-get activation vector, it is the input activation 
vector, ot is the output activation vector, St is the output 
vector unit, c˜t is the cell input activation vector and ct is 
the cell state vector. ơg and σh are the activation functions 
of sigmoid and hyperbolic tangents, respectively.  

 

Fig: 3.1 Architecture of the Proposed Techniques 

As shown above, the proposed framework is compatible 
with any word-embedding technology as long as its 
extracted word vectors of keywords can accurately 
represent the semantics of these keywords. There are 
various word-embedding technologies available, such as 
word2vec, Glove, ELMo, BERT, and GP. We can use the 
TensorFlow library in python for building and training the 
deep learning model. 

MODULES IMPLEMENTED 

1. Data pre-processing  
2. Prediction  

3. Classification and Evaluation 
 
For example,  

Matching datasets and tokenizers  

Step 1: Preprocessing  

Step 2: Post-processing  

Word2Vec tokenization: 
Case 0: Words in the dataset and the dictionary  
Case 1: Words not in the dataset or the dictionary  
Case 2: Noisy relationships 
Case 3: Rare words  
Case 4: Replacing rare words  
Case 5: Entailment  
Result: Predicted Word 
Algorithm: 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 
 
Similarly, Bidirectional LSTM (BiLSTM) is a recurrent 
neural network used primarily in natural language 
processing. Unlike standard LSTM, the input flows in both 
directions, and it's capable of utilizing information from 
both sides. 
 
4. Experiments and Results 
 

The dataset was trained and tested through the four 
deep learning algorithms, namely CNN canonical neural 
networks, RNN recurrent neural network, LSTM Long 
Short-Term Memory, and BiLSTM Bidirectional long-
short Memory. Models are created with input, output, and 
hidden layers. Before using deep learning algorithms, 
initially pre-processing the dataset, partitioning the dataset, 
and applying the word embedding is performed on the 

Class Recurrent Neural Network _RNN(library.nn.Module) 

def_init_(self,vocab_size,hidden_size) 

super(RNN,self).init_ 

self.hidden_size=hidden_size 

self.embedding=library.nn.module(Vocab_size,hidden_size) 

self.gru=library.nn.GRU(hidden_size,hidden_size)  

self.out=library.nn. Linear(hidden_size,vocab_size) 

self.softmax=library.nn.LogSoftmax(dim=1) 

def self(input,hidden,vocab) 

embedded=self.embedding(library.tensor([input])),view(1,1,-1)) 

output,hidden=self.gru(embedded,hidden) 

output=self.softmax(self.out(self[0]) 

return output,hidden 

def_init(hidden,self) 

return.library.zeros(1,1,self.hidden_size) 
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dataset, and a universal embedding model is used in this 
approach. 
 

4.1 Dataset and Preprocessing: 
The dataset collected from the Stanford-TensorFlow-

tutorials1, the dataset is a collection of 7200 abstracts of 
the various research papers in computer science, machine 
learning, deep learning, computer networks, and research 
areas in computer science. The dataset contains 79,776 
lines and 1,108,656 individual words. This dataset can be 
used to predict computer science-related words. 
Preprocessing of the dataset is used to prepare the dataset 
in the required form, in the abstract of the paper some 
punctuation symbols, numbers, abbreviations, and some 
special symbols were presented, all such types of 
unnecessary information were cleared with the pre-
processing module. 
 

 

Fig 4.1: sample dataset 

Layers were added to this model which is required to 
perform the deep learning approach. Using the mentioned 
algorithms the dataset was trained and tested, which 
contains four epoch stages. Figure 4.2  the first epoch from 
1 to 50, second epoch 1-80, third epoch  1-120, and final 
epoch 1-200 four stages are verified. BiLSTM recorded 
the loss as very low, which is the best model. Figure 4.3 
explains the sample training module with epochs up to the 
200 range. LSTM and BiLSTM modules get the lowest 
loss values, BiLSTM reaches the very lowest value of the 
loss and it improved the accuracy of the method in this 
module.  
 

 

Fig: 4.2 Sample output of Epoch=200 for loss reduction  

 

 

Fig: 4.3 Loss reduction comparisons with deep learning algorithms  

 

5. CONCLUSION 
 
  To guess the new word in a sentence is important 
in word guessing, word suggestions, or search engine 
applications. In this paper, to guess words, a dataset was 
collected which contains relevant semantic words so as fit 
a given sentence. We experimented with different machine 
learning classifiers that demonstrated more accurate results 
with less time and space complexity for web applications 
based on textual data. As per the results obtained, we have 
compared four classifiers K-Nearest Neighbors (KNN), 
Support Vector Machine (SVM), Decision Tree (DT), and 



IJCSNS International Journal of Computer Science and Network Security, VOL.22 No.6, June 2022 
 

669 
 

669

Long Short-Term Memory (LSTM). SVM is coming out 
on top with the best accuracy of 95.04% and KNN with 
the worst at 88.72%. The results of the top classifiers 
demonstrated good accuracy, a reduction in time needed 
for the training and testing phases of classification (time 
complexity and a reduction of total space complexity).  

In order to decrease the time and space complexity, 
several NLP techniques are used and the accuracy that was 
achieved was good and acceptable, Thus the latter brings it 
easy for giving effective predictions to the user, and our 
approach offers directions for further improvements using 
BERT or Transformers based models. 
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