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Abstract: In the recent few years, text analyses with neural 

models have become more popular due its versatile usages in 
different software applications. In order to improve the 
performance of text analytics, there is a huge collection of 
methods that have been identified and justified by the researchers. 
Most of these techniques have been efficiently used for text 
categorization, text generation, text summarization, query 
formulation, query answering, sentiment analysis and etc. In this 
review paper, we consolidate a recent literature along with the 
technical survey on different neural models such as Neural 
Language Model (NLM), sequence to sequence model (seq2seq), 
text generation, Bidirectional Encoder Representations from 
Transformers (BERT), machine translation model (MT), 
transformation model, attention model from the perception of 
applying deep machine learning algorithms for text analysis. 
Applied extensive experiments were conducted on the deep 
learning model such as Recurrent Neural Network (RNN) / Long 
Short-Term Memory (LSTM) / Convolutional Neural Network 
(CNN) and Attentive Transformation model to examine the 
efficacy of different neural models with the implementation using 
tensor flow and keras. 

Keywords: BERT, RNN, CNN, Language model, seq2seq, text 
summarization, text generation, text mining. 

I. INTRODUCTION AND PREVIOUS REVIEW STUDIES 

Text analysis or Text Mining has been significantly 

improvised with the state-of-art technology across a different 
natural language application with the help of advanced 
machine learning and deep learning techniques. The 
pre-trained models were built using these techniques along 
with a large collection of training samples for predicting the 
word or terms in the text based on the context of those words 
or terms used in the training corpus .The major challenges and 
issues faced by the pre-trained models have been summarized 
as follows: 
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a) Limitation of representation of the vocabulary of the 
language 

b) Low speed of convergence of the training/testing 
measures 

c) Exposure Bias 
d) Remembering the long term memory and preserving 

the order of sequence of words/terms 

In earlier days the statistical language model is constructed 
with the help of contextual and co-occurrence properties of 
the words in the text corpus along with their prior probability 
of the words in the existing corpus (Lewis et al. 1967) [1]. The 
language model is also playing a major in automatic machine 
translation, whereas as the sentence written and spoken native 
language can be translated into the sentence of foreign 
language. This process of translation requires two passes the 
first one uses a conventional back-off language model to 
produce a top list of words in the source language and second 
pass produces the final translation by producing the top-k 
corresponding words in the target language [2]. The cross 
lingual language model is also built to represent the words of 
the sentence constructed with the combination of words from 
multiple languages. Usually the social media users are using 
such cross-lingual comments and post when they convey their 
views to other peer members of the social media. During such 
case we can use the cross-lingual language model to construct 
the original meaning of the sentence automatically [3].  
The conventional n-gram model can be converted into a 
neural network language model to improve the prediction 
accuracy and reduce the word error rate (WER) [4]. But the 
traditional neural network language model is not maintaining 
the sequence order by which the words of the sentence are 
formed in the source. The succession of the language in the 
following convictions are different, but the neural network 
train the net without any deviation in these two sentences ex. 
“The movie is good not at all a bad”. “The movie is bad, not at 
all a good”. The RNN solves this problem, it maintains the 
order of sequence of words and then it construct the language 
model so that the model can distinguish the difference 
between these two sentences [5]. 

II. LANGUAGE MODEL  

The Language Model (LM) Contributes crucial role in text 
analytics. LM is a model of representation of discrete words 
occurs in the text corpus as in terms of bag-of-words or in 
terms of n-gram.  
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After applying the text pre-processing operations over the text 
for removing the punctuation and stop words, the word or the 
term has been taken for the conversion of character sequence 
into a numerical entity named as document vectors or as word 
hash. The language model is also helpful in building Topic 
models that will predict the topic of the given segment of text 
using multinomial logistic regression based neural networks. 
The language models are also helpful constructing a query 
likelihood model determine the best query to retrieve the most 
relevant information by reformulating the query according to 
the notion of importance of the query terms using graphical 
model (Hiemstra, 2002, Hao et al., 2016).  
 The power of statistics and the art of grammar, writing jointly 
improving the performance of automatic reply the dialog 
systems depending on the different point of contextual 
constraints and dialog (Jonson, 2007). With respect to the 
conditional probability distribution of words named as 
probabilistic language model, the next word to be occurred in 
the sentence sequence is being determined (Mnih et al., 
2007). The web documents can be filtered automatically 
based on the topic of interest based on the n-gram counts [6]. 
The multi-agent system uses the domain specific language 
models for gathering the syntactically and semantically 
matching contents to automatically generate the programming 
language code through model transformation [7]. 

A. Bag of Words (BOW): 

It is a type of language model which extracts the text features 
of the text collection. The occurrence of words within the text 
documents involves two things, one is the vocabulary of 
known words and other one is the count or the frequency of 
each word in the text collections. One of the main drawbacks 
of the back of model is that it is not preserving the order of 
sequence of words appears in the text collections.  
The sample text from the English Tirukkural corpus is shown 
and its vocabulary is also visualized in Figure 1 along with its 
frequency count occurrences. The scoring of the word is 
represented in different ways like binary score, frequency 
score, hash trick and Term-Frequency and Inverse Document 
Frequency (TF-IDF). 
The probability on any particular sequence of n words: P(w1, 
w2, · · · , wn), Mathematically and taking  the unary language 
model approach and break apart this possibility by supposing 
the word instances are completely autonomous and it is shown 
in the Eq. (1).  

 
After removing the stop words like ‘is’, ‘the’, ‘of’ & ‘and’ 

in the document 1 and document 2. Next, find the 
term-frequency for the document 1 and document 2 after 
removing stop words and it is shown in Figure 1. 

 
 

        
 Document 1 
 
      
 
Document 2                                                                              
 
 

 
 
 

 
Figure 1: Bag of Word Model 

B. N-Gram Model: 

An N-gram is a two-word sequence of words like “primary 

force”, “never abandon”, or “primary ruler”, and a 3-gram 
(three never abandon) is a three-word sequence of words. 
 

                    (2) 

                (3) 

       
 
Whereas |v| is the size of the vocabulary 
The Eq. (2) is used for constructing the unigram language 
model which considers the probability of occurrence of each 
unique word present in the corpus whereas the Eq. (3) 
considers the two word sequence combinations and its 
probability of occurrences of the two words.  The Eq. (4) 
considers the sequence of three words and their probability of 
occurrences. Text classification is another interesting 
application of language models. Here the labels of the 
classification dataset can be represented the topic about the 
text or sentimental about the text or it could be named entity.  
 
 
 
 

Stop Words in document 1 and document 
2 are ‘is’, ‘the’, ‘of’ & ‘and’. 

A is the first of the alphabet 
God is the primary force of the world 

Vigilance, erudition and boldness: 
These three never abandon a primary ruler 
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In order to apply text mining in electronic patient records  for 
the purpose of acquiring  interesting diagnostic information 
which could be used in the decision making process of health 
care system. The details such as radiographic studies, 
laboratory results, complaints and physical findings relevant 
to the patients were analyzed [8]. Similarly Text 
Summarization is done to physically and logically reduce the 
size of the text corpus without losing any of the important 
meaning and information about the original text with the help 
of language models and advanced neural models. The 
statistical information about the large corpus is further 
analyzed using big data framework which enables distributed 
parallel data processing technique [9]. The discriminative 
features of each sentence had been identified along with the 
contextual sentence relations, query sentence relations and 
title sentence relations using a bigram language  model [10]. 
The conditional influence of the sentence in a cluster is found 
by doing link analysis over the words and sentences in the text 
corpus which shows that all the sentences has some 
indistinguishable characteristics [11]. There are more than 
thirteen different text summarization techniques available,  
namely TextRank, LexRank, Luhn, LSA, Edmundson, 
ChunkRank, TGraph, UniRank, NN-ED, NN-SE, FE-SE, 
SummaRuNNer, and MMR-SE with the constraint of 
different set of metrics  [12].  
The Text summarization has been categorized into two 
different types as abstractive text summarization and 
extracting text summarization with low inter sentence 
cohesion [13]. The cohesion and coherence properties of the 
text sentences are captured by applying the computation of 
similarities of the distributional representations of the words 
and sentences during the sentence ordering task [14]. The 
matching models with the combinations of click model and 
content model regularize the mapping of large features into 
the latent features which reduces the time complexity over 
probabilistic latent structures [15]. 

III. WORD EMBEDDING MODEL 

Word embedding is a method of distributing depiction of the 
distinct word of the text file in such a way that the 
semantically similar meaning words have been nearer to each 
other by indicating these words into the  vector space model in 
terms of real numbers. There are many such pre-trained word 
embedding models are available namely word2vec by 
Google, Glove by Stanford and fastest by Facebook. 
A Word is a primary unit of a language intern that infers the 
meaning by its own. An infinite set of concepts were 
constructed with the help such words and language rules. To 
enable easy processing of the words by the machine, the 
words should be translated into a numerical quantity named 
word vector and then all the words in the vocabulary of the 
language were represented in a vector space to convey the 
semantical relationships between each words. The parameter 
estimation technique estimate the parameter of the sentences 
using probabilistic computation [16]. The query embedding 
vectors are assessed based on the individual embedding 
vectors of the vocabulary terms in the information retrieval 
system [17]. One of such characteristic parameter is the total 
number of occurrences of a given pattern with length ‘p’ in a 

given subsequence of a random text with length ‘s’ [18]. The 
query terms must be present in the query have been estimated 
through the probability of occurrence of such query terms in 

the answer to be retrieved for that query [19]. In earlier days 
the optimizations were applied in the small size of the 
database but recently we need to optimize the information 
retrieval techniques for big data (Blair et al., 1985). The 
adhoc clinical questions were answered automatically through 
automatic topic identification and keyword extractions [20]. 
Identification of Autism Spectrum Disorder (ASD) model 
solves the demerits of existing approaches and has the 
advantages of classifying the children with ASD accurately 
with high precision and recall as well as a new model of 
LSTM based deep learning neural network has used [61]. 
Word prediction is useful for disabled persons and IQ of 
Autism children will be tested based on latent semantic 
analysis. word embedding, sentence embedding, and 
sequence-to-sequence modelling, learning and reasoning like 
Natural Language Processing (NLP) tasks are performed by 
latest neural network based frameworks [21]. All the words of 
the language have been mapped into a semantic vector space. 
For example the animal words like cat, dog and rat are placed 
closed whereas the color words such as red, green, blue are 
placed closed but far away from the animal words. From the 
figure 2, we can infer the semantic similarities between the 
words man vs women and king versus queen. 
         King - Man + Woman = Queen 

 
Figure 2:  Semantic Vector Space (Bob DuCharme's) 

A.  One Hot Encoding:  

This is the simplest method word embedding technique 
whereas each unique word present in the vocabulary, it map 
such unique word in to the unique vector. The size of the 
vector is equivalent to the size of the vocabulary. The ith word 
of the vocabulary is mapped into a vector by switching ith 
position of the vector on (“1”) all other positions are marked 

with “0”. The figure 3 shows the sample representation of the 
on hot vector for certain words.  
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Figure 3:  One hot Vector 
 

B.  Probabilistic Neural Models for Embedding: CBOW 
and Skip Gram  

There are principle mode of generating the word embedding 
vectors for the given word/words, namely Continuous Bag of 
Words (CBOW) and Continuous Skip-Gram model. The 
Figure 4 shows the word2vec that learns the distributed vector 
representations. The artificial neural network (ANN) is very 
popular in solving NLP problems with the help of machine 
learning and deep learning networks. The ANN learns itself 
from the training data to automatically determine the title of 
the research paper for the given sentences of an abstract of the 
paper to be published by the researchers [22]. Deep belief 
network trains a multi-layer generative model with unlabeled 
data and the feature vectors are generated with the help of 
feed forward neural network [23].  
 

 
Figure 4:  word2vec model 

Continuous Bag of Words model is forecasting the current 
word with the support of given set of context words 
(surrounding words). The Continuous Skip-gram model is 
predicting the set of context words with the help of given 
current words. 

C.  Recurrent Neural Network (RNN) 

The traditional neural network is poor in capturing sequential 
data from the previous event and pass this knowledge in also 
poor predicting the future event. The RNN deals with most of 
the problems related to the sequential data in such a way that it 
stores lot of past information to predict the future information 
with the help of hidden states. Similarly the traditional feed 
forward neural network generates output based on the current 
only but RNN generates output using the current input as well 
as by using the previous input.  
For example if we feed sequence of binary digits as input to 
the RNN, the RNN network learns to predict the number of 
1’s or 0’s in the given stream of binary digit. For NLP 

application like sentiment analysis, if we feed a sentence with 
sequence of words as input to the RNN, the RNN train itself  
on the sentiment label and then l generate the polarity of the 
sentiment of the input either as positive or negative without 

understanding the thousands of grammar rules present across 
the language of the comments. The RNN is also very useful in 
building language models and sequential model in the 
prediction problems.  
The RNN is a special variation deep neural network suitable 
for sequential data driven problems. The networks maintain 
the order of sequence of data or evet that appears in the time 
stamp. One major problem in the case of RNN is the 
vanishing / exploding problem due to the long sequence 
convergence. In this case the LSTM, a variation of RNN has 
been used to retain only the required past data to be 
remembered in the process to predict the future events and 
other things. The Bidirectional LSTM keep track of 
processing the sequence of inputs in two directions one from 
star to end and another one from end to start in the input 
sequence. A real time use cases of such Bi-LSTM is the news 
detection using unstructured news articles [24].  
One of the most difficult task in text analysis is to identify 
features and encode them into discriminative feature vectors 
.The word level attentive pooling in convolution neural 
network was used to represent the contextual sentence 
relations [25] . The CNN is more popular noble approach to 
extract the high level features that are more relevant for the 
local translations with substitution and pooling principles 
[26]. The text features are extracted and transformed into 
embedding vectors using NgramCNN that incorporate the 
linguistic knowledge of the native and foreign languages [27].  
The variable convolution and pooling convolution neural 
network have been used as multiple convolutions for text 
sentiment predictions [28]. The combinations of single layer 
multi size filters with convolution neural network have jointly 
used for large multipurpose and multi format dataset with 
different ML algorithms [29]. The composition of topic aware 
convolution network and topic aware LSTM process the text 
and build the topic model for focusing on the semantic 
composition rather than word understandings [30]. The 
discrete valued high dimensional vectors and the distributions 
are estimated by neural autoregressive estimator model [31].  
Deep learning fails to address the issue in building the models 
for text when the text there is any absence of labels. In such 
situation the transfer learning is being used for domain 
adaption and parameter update to derive the respective labels 
of the text collections [32]. The most valuable local 
information of the text documents are extracted from the large 
scale scope based convolution neural networks with 
aggregation optimizations [33]. The following figure 5 and 6 
are drawn for depicting the vanilla version and unfold version 
of the RNN. The Eq. (5) and Eq. (6) have been used for the 
calculation intermediate output and final output respectively. 

 
 

Figure 5:  RNN Vennila model 
 
ht = tanh(W xt + Uht−1 + b)                     
(5) 
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yt = sof tmax(Woht + bo)                       (6) 
Tensor shapes are given below: 

 xt is of shape (1, d) for embedding of size d 
 ht is of shape (1, H) for hidden state of size H 
 yt is of shape (1, c) for c labels 
 W is of shape (d, H) 
 U is of shape (H, H) 
 Wo is of shape (c, H) 

The Language models have been constructed based on xt the 
current word and the model predicts the  yt  the next word  by 
estimating the probability of the next word from the current 
sequence of word through estimate P(wi|wi−1, hi−1). The 
weight vectors U, V and W have been initialized randomly by 
real numbers in matrix format. There is bulk of operations 
such as tanh and softmax functions are applied on the current 
input and previous input along with weight vectors. The 
output of the desired behavior is measured with the help loss 
functions and then the weight vectors are further updated for 
the next iteration during the stage of training. As the weights 
are recursively multiplied over the period of training time 
during the back propagation, the RNN raises two types of 
problems named as vanishing gradient and exploding gradient 
problem. 
 
 
 The vanishing gradient problem problems appears in the 
network when the subsequent weight vector values  are 
getting smaller and then tends to zero. Similarly the exploding  
gradient problem problems appears in the network when the 
subsequent weight vector values  are getting bigger and then 
tends to infinity.  

D. Long Short Term Memory (LSTM)  

It is a variation of RNN used for learning long distance 
dependence between the input sequences. As the input time 
sequence increases in RNN, the corresponding possible 
weights also increased beyond control or to vanish at a 
particular time sequence. In order to solve this exploding 
gradient and vanishing grading problems, the LSTM has been 
proposed to train the long term dependency among length 
time input sequence with the help of three gates like input 
gate, output gate and forget gate and the estimate the how long 
the old information should be hold and when it remembers 
and forget the old memory with the new input. LSTM can also 
be used for capturing the long term dependency among the 
sequence of words in the short text during the process of text 
classification or sentiment analysis each of the text which 
could be classified as positive polarity and negative polarity. 

 
Figure 6.1: RNN with single module layer (Cho) 

 

 
Figure 6.2: LSTM with Four module layer (Cho) 

 
Figure 7: Illustration of our LSTM model for sentiment 

classification 

IV. SENTIMENT ANALYSIS 

Sentiment analysis another emerging field of research which 
requires the help of natural language processing to determine 
the polarity of the comments or feedbacks using the emotional 
dictionary constructed from the keywords, word2vec and 
LSTM [34]. The multi-layer LSTM network takes the 
commodity comments on e-commerce website and expresses 
the comment text in terms of word2vec model [35]. The 
recommendation system is constructed with the help deep 
learning .It provides the comprehensive review of recent 
research and devise a taxonomy of deep learning based 
recommendation system [36]. The user sentiment about the 
context is extracted from the text with 7 layers CNN, which 
tag each aspect of opinion with rule based approach during 
the process of sentiment scoring [37]. The user profiling 
system extracts the semantical information about the users by 
mapping the features using deep similarity model and apply 
the ranking,  the users according to their profile of interest 
(Azzam et al., 2017). The inter model and intra model 
semantic relationships of heterogeneous sources of language 
sentences can be used for giving the review about a movie 
[38]. The SWOT analysis about a firm could be analysed from 
the raw facts and conditions provided through the question 
answer system in the form of text sentences [39]. Linking of 
multiple data sources during the text mining and the process 
of admission of patients into the hospital marked positives for 
several diseases were taken into the consideration of 
examining the effect of disease [40]. The products  and its 
underlying user’s sentiments were captured with sentence 
aware deep recommender system constructed with the help of 
attention networks [41]. The internal filtering gates were used 
for input, output and forget purposes with the help of the 
different components as shown in the figure 6.2. LSTM model 
for sentiment classification is shown in the figure 7. 

A. Sequence to Sequence Model (Seq2Seq: Model 

LSTM is a good choice for giving importance to recent 
information than the old information, but it is poor in 
performance when we want to go back further into the 
previous event to resolve the better predictions. To solve this 
issue in this case the sequence model and attention 
mechanism are playing major role which in turn gives the 
importance to a particular portion of the input.Seq2seq model 
is a general purpose encoder and decoder network, which 
generate a sequence of output based on the given sequence of 
inputs. It is widely used in the NLP applications like machine 
translation, Text summarization, 
conversation model and image 
captioning.  
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The Seq2seq model uses 2RNN, one for encoder and another 
one for decoder whereas the learning starts from the 
backpropagation between decoder to encoder. Let us consider 
the example as shown in the figure 7 to translate the English 
sentence “The Movie is awesome” to Tamil language target 

sentence. In this the sequence of words in English is given as 
input to a encoder and encoder converts these words in to a 
fixed length context vector that can be used to predict the 
sequence of output target sentence in tamil as இந்த 

திரைப்பட      அற்புதமாக    இருக்கிறது!. 

 
Figure 7.1: Illustration of seq2seq model for Language 

Translation 
 
 

(7) 
Where 

is the input / source / English sentence sequence 
 is the corresponding output / target / tamil 

sentence sequence. ‘v’ is the hidden state of the LSTM 

B. Machine Translation 

Machine language translation tries to use the deep learning 
principle to build model line se2seq encoder decoder that 
accept the input source native language sentences and map 
them into a fixed length output target foreign sentences and 
vice versa where the size of the input text and size of the 
output text to the model differs. On such novel context-aware 
recurrent neural network based encoder named CAEncoder 
was widely used for sentence level translation to document 
level translation [42]. The speech processing and recognition 
is also an application of natural language processing based on 
the generative auto encoder modelling with latent variable 
learning algorithms [43]. The activity state transitions and its 
representations uses the seq2seq model using deep learning 
framework to recognize and adapt the situation with respect to 
the current instantaneous changes of the activity state Zhu et 
al., 2018). The child language acquisition under miniature 
language paradigm that allow different language learners able 
to be trained and analysed under standardized conditions [44]. 
Massively unlabelled data and its high level representations 
are extracted using deep generative models using the 
probability perspective features [45][62]. Educational data 
mining applies the generative deep learning model to process 
the longer sequence of learning patterns and then produce a 
new sequence of underlying sub patterns matched with 
community of peer learners [46]. The character level 
sequence model tries to use the POS tagger for Sanskrit 
sequence labelling with adaptive deep learning algorithms 
[47]. The inter model and intra model semantic relationships 

of heterogeneous sources of language sentences can be used 
for giving the review about a movie [38] . Massively 
unlabelled data and its high level representations are extracted 
using deep generative models using the probability 
perspective features [45] [63]. Educational data mining 
applies the generative deep learning model to process the 
longer sequence of learning patterns and then produce a new 
sequence of underlying sub patterns matched with community 
of peer learners [46]. The figure 7.1 shows the seq2seq model 
for translating English to Tamil language sentences and the 
Eq. (7) has been used for predicting the Tamil words form the 
sequence of English words. 

V. ATTENTION MODEL 

The performance of seq2seq model is declining due to the 
compression of all the information of the very long source 
input sentence into a fixed length context vector. Bhadanau 
proposed an attention model to overcome the issue based on 
the word alignment scheme of the words found in the source 
and target sentences. The encoder computes an annotation of 
each word in the input. The mechanism allows the model to 
focus and place more “Attention” on the relevant parts of the 

input sequence as needed. The network reads a sentence and 
stores all the information in its hidden units. It makes 
predictions one word at a time, and its predictions are fed 
back in as inputs. t it also receives a context vector c(t) at each 
time step, which is computed by attending to the inputs. The 
context vector is computed as a weighted average of the 
encoder’s annotations. Attention component of the network 
will ensure for each word in the output sentence is map the 
significant and related words from the input sentence and allot 
higher weights to these words, boosting the accuracy of the 
output prediction, This indicates that for each output that the 
decoder makes, it owns access to the complete input sequence 
and can selectively pick out specific components from that 
sequence to produce the output. 
 

                               (8) 
The attention weights are computed as a softmax, where the 
inputs depend on the annotation and the decoder’s state. The 
Eq. (8), Eq. (9) and Eq. (10) were used for calculating the 
context vector, normalized weighted output of each unit and 
final target output-word for the corresponding input sentence 
respectively. 

                             (9) 
 

                           (10) 
The attention function depends on the annotation vector, 
rather than the position in the sentence. 
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Figure 8: Illustration of Attention model proposed by 

[Bahdanau, 2014] 
Attention Model or mechanism focus the importance of 
portions of the input sentences rather than giving importance 
to all the words in the sentences when it is given as input in 
any of the language processing tasks. For example the 
sentences like “I like it” and “I dislike it”, the importance is 

given only to the second word of the sentences than any other 
words present in those two sentences during the period of 
sentence processing. In information retrieval system, the we 
generally include the query terms which plays a major 
contribution as a keyword to fetch the relevant results from 
the search space [48]. Sequential context knowledge like 
temporal information, word and character level information 
are influencing the parts of constructing the potential query to 
be used in text processing applications [49].  
The attention mechanism with LSTM automatically describes 
the video content with native language using natural language 
sentences and it explores the salient feature of the video and 
correlation between multi model representations for 
generating sentences with rich semantic content [50]. 
Generation of probability to re rank the candidate answers for 
question answer system was implemented by obtaining word 
level and phrase level factoid [51] . The dual attention model 
uses word2vec tool to build emotional dictionary combining 
with emotional symbol for microblog sentiment classification 
[52]. Attention vectors are generated based on the calculation 
words at different positions of the sentence with the same 
distance using self-attention variation mechanism [53]. Scene 
text recognition is capturing the visual cues and generates a 
language model and linguistic rules from the output of the 
decoder of the attention model [54]. The bipolar concept 
model generates the concept vector using the concepts of 
documents and categorize them into relevant and irrelevant 
words [55]. The frame level feature information is analysed in 
combination with LSTM and attention based speech 
recognition system [56]. The text documents were arranged in 
an hierarchical order for shortening the length of the sequence 
of the whole document with over all attention weights and 
joint embedding space of text and label [57]. The importance 
of each of the word in a sentence is also predicted based on the 
position of occurrence of the word in that sentence has been 
estimated from the attention based weighting process [58]. 
The multi-head self-attention mechanism enhance the 
position information of the input text, which can enrich the 
semantic illustration of the text [59]. MS-Pointer Network 
that built on the multi-head self-attention mechanism, which a 
multi-head self-attention mechanism is presented in the basic 
encoder-decoder model (Guo et al., 2019). 
Whenever each time the attention model predicts the output 
word, it considers only the part of input information rather 
than considering the entire input sentences. In this model the 

encoder is not only generating a single context vector rather it 
generates a collection of context vector which in turn decides 
which input word or words should be considered for 
generating the output word. The context vectors are generated 
by the encoder using the computation of weighted sum of the 
annotations of the input words for the corresponding output 
word. An Alignment model has been used for generating such 
weighted sum of annotations of input words for predicting the 
output word. An alignment identifies which English word 
each French word originated from. In a parallel text (or when 
we translate), we align words in one language with the words 
in the other d. Mapping an English target word at position i to 
a German source word at position j with a function a : i → j. A 

source word may translate into multiple target words. The 
sample implication of the translation of the individual English 
word in to the respective tamil words  was done through the 
probability of tamil word for the given English word 
occurrences in the training corpus as shown in the figure 9. 

 
Figure 9: Sample mapping of English to Tamil words 

VI. TRANSFORMER NETWORK 

It is used to build a fine-tuned network for new task using pre 
trained model. During the process of machine translation, it is 
applying positional embedding and then evaluating the 
relevance score for each of the input terms to output. The 
relevance score any query term ‘i’ and its corresponding key 

terms ‘j’ is expressed in terms of Relevance Score [i,j] = 
Query [i] X Key [j] [60].The all to all comparison can be done 
fully parallel with the help of GPUs. The same word in 
different sentences may have different meaning with respect 
to the context at which the word has been used. The positional 
encoders are used for finding such vectors of the same word 
when it was used in different positions or contexts.  

 
Fig 10: Illustrated Attention Mechanism [60] 

The steps for generating the attention vector for the given 
input is visualized in the figure 10 .First step maps all the 
inputs word into the respective embedding vector.  
 
 
 



 
Research Trends on Deep Transformation Neural Models for Text Analysis in NLP Applications 

757 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: B3838079220/2020©BEIESP 
DOI:10.35940/ijrte.B3838.079220 
Journal Website: www.ijrte.org 
 

Second step calculate the intra word score with respect to the 
remaining words present on the same sentence using 
self-attention mechanism. The score helps in determining how 
much importance should be given to the other parts of the 
sentence when it is being encoded with position encoder. The 
vectors Q, K and V have been updated during the training 
phase of the network to decide how much the key “K” kelps to 
represent Q with value V, where the value V is the projection 
of the each word in the sentence. The third and fourth steps 
are performed to normalize the score and then generate the 
attention weight vector to be used in the decoder part of the 
transformer. 

VII. CONCLUSION 

This paper, a mixed set of approaches of text processing and 
analytical methods have been studied for different level of 
natural language processing applications by extracting the 
essential features of the text corpus. 
On the other hand, multi-layer deep learning architectures 
have been demonstrated which contains an input layer 
consisting of word embedding feature for each word in the 
input sentence and different set of layer followed by 
convolution layer max pooling layers, fully connected layer 
and dense layer. An attention based concept named 
transformer networks is also introduced to improve the 
performance of text feature extraction and applying the 
machine learning algorithm over the text. The comparisons of 
all such methods were illustrated with different examples. 
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