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Abstract 

In recent years, the application of natural language processing has become more and 
more popular, and people began to try to apply different neural network structures 
based on deep learning in this field. This paper presents an overview over the 
frameworks of several neural networks based on Deep Learning (DL), focusing on their 
application on Sentence Classification, which is one of the tasks of Nature Language 
Processing (NLP). The work not only introduces readers the basic structure and 
principles of several common neural networks and how they are trained in the process 
when facing the problems of sentence classification, but fills a gap as the first general 
introduction in this field. 
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1. Introduction 

In recent years, DL models based on neural networks have been applied to the training of sentence 

classification, and get the state-of-art training results. 

In section 2, this paper first gives background on some common steps in sentence classification, such 

as word embedding, relation classification, etc. In section 3, we mainly review and analyze the related 

work, and then present distinct models in the same broad category by classifying them according to 

different neural networks in In section 4. 

After analyzing the previous work, it turns out that there is still no article that systematically reviews 

the application of neural networks to sentence classification, so this paper intends to fill this gap and 

give readers a comprehensive reference on the research of neural network-based sentence 

classification as a review-type article in the related field. 

2. Background 

2.1 Word Embedding 

Because of the lack of capability on processing the text data directly, people need to do a conversion 

on them into numerical data so that they can be deal with the computer. The whole process is called 

Word Embedding. It can be considerated as a mapping process, like the function y=f(x). The process 

is that a input in text format correspond to a vector in numerical format by applying specific methods. 

Kubal et al. [1] presents several approaches under two genres of word embedding, as shown in Fig 1. 

2.2 Entity Detector 

Entity detection is a part of sentence classification which aims to locate the entities mentioned in 

input text, classifies them into pre-defined categories such as person names, organizations, locations, 

etc. 
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Fig. 1 Method of word embedding 

 

2.3 Relation Classification 

Relation classification is a subtask in NLP. It helps to classifies relations between two entities in input 

sentences by distributing a relation label to existing relationship category. For example, Speer et al. 

[2] divided the relationship between entities into 34 types in the more famous knowledge graph 

conceptnet 5. 

3. Related Work 

Chakraborty et al. [3] mainly introduces the basic principle of question answering system based on 

neural network on the basis of knowledge graph, which briefly mentions several neural network 

models with different features researched by different scientists. 

Petrochuk et al. [4] compared the baseline models proposed by themselves in both top-k subject 

recognition and relation classification longitudinally with the accuracy of most of the NN models 

previously studied. 

Mohammed et al. [5] argue that in Knowledge Graph Question Answering system (KGQA), however, 

the simple question dataset based on deep learning neural networks performs modestly, and even 

some models without neural networks perform better.  

4. Neural Network Models 

4.1 CNNs 

Convolutional Neural Networks (CNNs) are a classical type of Feed-forward Neural Networks (FNs) 

that include convolutional computation and are the most widely used of all DL algorithms. [6] 

Kim [7] proposed the traditional, or the basic CNN model (Fig2), in which a sentence is first 

transformed into a corresponding word-vector matrix representation under different channels. Then 

the outputs are refined into different feature vectors by convolutional layer under different artificially 

selected windows. For example, generating a feature ci from a window of words xi:xi+1 by: 

 

the so-called feature map then is input into a maximum time pooling layer and the largest value in 

each feature map is selected to form a vector. The vector formed by all the channel refined features 

is passed through a fully connected layer with dropout operation (discarding some features) and a 

softmax classifier to get an output which is the probability distribution over labels. 



International Core Journal of Engineering Volume 7 Issue 9, 2021 

ISSN: 2414-1895 DOI: 10.6919/ICJE.202109_7(9).0040 

 

269 

 

Fig. 2 CNNs model 

 

Santos et al.[8] presented the concept named level on the basis of Kim’s [7]. A word is mapped into 

a numerical vector Un=[ ϒwrd; ϒwch], ϒwrd and ϒwch are corresponding to the representation of 

word level and character level respectively. After passing through different windows of a 

convolutional layer, the word level representation need to go into one another, the output of which 

are global features and a score is computed for each sentiment label. Because of the innovative 

extraction of character level features, this model is called Character to sentence CNN ( CharCNN ). 

Based on the CharCNN, Zeng et al.[9] introduced a new one. They replaced the character level with 

the position feature, put the two vectors together into a CNN model to gain sentence level features. 

Then obtain the sentence level feature after pooling. The sentence level feature and the lexical level 

feature processed by MVRNN are refined by the CNN [7,8] and train the relevant parameter matrixs. 

4.2 RNNs 

Compared with CNN, which focuses too much on local features, RNN performs better in learning 

temporal features, especially long-distance dependency. Fig3 and Fig4 presents the basic framework 

of RNN. 

 

  

Fig. 3 Framework of RNN 

 

where x refers to the current-step input, h indicates the output of the previous layer of nodes. y is the 

current output, h' is the output transmitted to the next node. Obviously the value of y is computed by 

the values of h and x. 
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Hochreiter et al. [10] proposed the Long short-term memory model. Liu et al. [11] defines the LSTM 

model. Fig4 shows the LSTM transition equations, where xt is the current input, σ is the logistic 

sigmoid function, it,ft,ot,ct and ht refer to input gate, forget gate, output gate, memory cell and hidden 

state respectively.  

 

 

Fig. 4 Equations of RNN 

 

Zhang et al. [12] proposed the BiLSTM model (Fig5). Unlike the LSTM, they use a bidirectional 

recurrent network structure in the word feature refinement, where the word-level features are merged 

into the sentence level feature through the maximum pooling layer, which is used as the evidence for 

relation classification. 

 

Fig. 5 BiLSTM model 

 

Liu et al. [11] proposed multi-task learning based on BiLSTM, which involves the following three 

models. (Fig6) 

(a) Multiple tasks share one LSTM layer at the same time 

(b) Each task has its own LSTM layer, but the latter layer can capture the information from the two 

LSTM previous layers 

(c) A common layer is added to (2), and the common layer adopts the BiLSTM design to capture the 

shared information 



International Core Journal of Engineering Volume 7 Issue 9, 2021 

ISSN: 2414-1895 DOI: 10.6919/ICJE.202109_7(9).0040 

 

271 

 

(a) Model-I 

 

(b) Model-II 

 

(c) Model-III 

Fig. 6 Three models 

 

4.3 Other 

The use of a particular neural network structure alone absolutely has certain drawbacks. Therefore, 

people started to consider combining different neural network structures and figuring out the way to 

solve the shortcomings under a single structure. 
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Hassan et al.[13] tend to replace the traditional CNN maximum pooling layer with an LSTM structure, 

since the maximum pooling layer always captures the most significant features but ignores others. 

This improves the efficiency of the system as there are less parameters needed to be trained in the 

CNN and has the capability to extract long-term dependencies. 

One of the common problems of RNN is that the backward input has more influence on the output 

than the forward input. Thus Cai et al.[14] proposed a solution and the model is called bi-directional 

RCNN (BRCNN). The model uses two reverse channels to learn the hidden representation of words 

and dependency relations, and then puts each two adjacent outputs into the convolutional and 

maximum pooling layer, and the softmax classifier.(Fig. 7) 

 

Fig. 7 BRCNN model 

5. Conclusion 

Sentence classification involves several sub-tasks such as entity detection, relation classification, 

word embedding, etc. In section 2, the paper gives a basic introduction to them, then count some of 

the major neural network models, involving CNN, RNN and their respective variations and hybrid 

neural network structures, giving a basic description of the principles of the researchers' respective 

research results. However, this work could not collect all the neural network models as much as 

possible due to the limitation of space and can only select the mainstream and widely used ones. 
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