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Abstract: Deep learning is a kind of machine learning, which is the necessary path to realize artificial intelligence. The 
application of deep learning in the field of natural language processing has gone far beyond the limitations of traditional methods, 
showing unparalleled advantages such as automatically learning abstract features from the original data to form preciser 
representation. This paper aims to analyze the application of deep learning in natural language processing, and provides reference 
for the follow-up research and development in this field. 
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1. Introduction 
In recent years, as a hot field of artificial intelligence 

research, deep learning (DL) has had an increasingly 
important impact on many tasks due to its excellent feature 
extraction and learning capabilities. The concept of DL was 
first proposed by Hinton in 2006[1]. It aims to learn the 
inherent laws and representation levels of sample data, so that 
machines can have analytical learning capabilities like 
humans. At the same time, DL has been widely used in natural 
language processing (NLP), computer vision (CV), speech 
recognition (SR) and other fields, which has attracted much 
attention. 

NLP is regarded as the pearl on the crown of artificial 
intelligence. The goal of NLP is to enable computers to 
understand, process and generate natural language, so as to 
provide users with better interactive experience and more 
efficient output. Therefore, how to use DL to promote the 
development of NLP is the hot spot and difficulty in current 
research. At present, the breakthrough of deep learning 
technology has brought great changes to the development of 
NLP, which has greatly promoted the frontier research and 
practical application in this field. DL has dominated 
especially in key applications such as machine translation, 
text sentiment analysis, and question answering systems. In 
addition to these main application fields, DL also shows 
strong potential and development prospects in many 
directions such as text generation, named entity recognition 
and relation extraction. These not only promote the rapid 
development of NLP technology, but also have great 
economic value in many practical application scenarios such 
as search engine optimization, knowledge graph construction, 
intelligent customer service and so on. 

In summary, In-depth study of the application development 
and problems of DL in the field of NLP is of great practical 
significance for promoting the deep integration of artificial 
intelligence and various fields of economic society, 
stimulating high-quality economic development, and 
motivating the high-level application of intelligent 
manufacturing [2].  

2. Principles of Deep Learning 
The concept of deep learning originates from the research 

of artificial neural network. DL combines low-level features 
to form more abstract high-level representation attribute 
categories or features to discover distributed feature 
representations of data. The motivation of studying deep 
learning is to establish a neural network that simulates the 
human brain for analytical learning. It imitates the mechanism 
of the human brain to interpret data, such as images, sounds 
and texts[3]. A basic neural network includes input layer, 
hidden layer and output layer. The input layer is responsible 
for receiving the original data set, and the output layer 
delivers the prediction results of the model. The hidden layer 
is located between the input layer and the output layer, which 
usually appears as multiple layers and contains multiple 
neurons. Each neuron and the others in the anterior and 
posterior layers transmit information through weight. By non-
linearly converting the input signals of neurons, the activation 
function enables the network to learn and perform more 
complex tasks. Common activation functions contain 
݀݅݋݉݃݅ݏ ݄݊ܽݐ , ܷܮܴ݁		, ܷܮܧ ,  and so on. In addition, the 
propagation of data is divided into forward propagation and 
back propagation. In forward propagation, the input data is 
linearly transformed by the weight and bias of each layer, and 
non-linearly transformed by the activation function, and then 
output to the next layer until reaching the output layer. In the 
back propagation, the error of the output layer is first 
calculated, and then propagated from the output layer to the 
hidden layer until propagated to the input layer. Through back 
propagation, the gradient information of each parameter on 
the loss function can be obtained, so as to optimize and update 
the parameters. Different from traditional shallow learning, 
DL emphasizes the depth of the model structure, which can 
be added to obtain deep meaning. Secondly, DL clarifies the 
importance of feature learning. By layer-by-layer feature 
transformation, the feature representation of the sample in the 
original space is transformed into a new feature space, which 
makes classification or prediction easier. The most classic 
deep learning networks include convolutional neural network 
(CNN) and recurrent neural network (RNN). 

2.1. Convolutional Neural Network 
CNN is a kind of feedforward neural networks with 

convolution calculation and deep structure, which is one of 
the representative algorithms of deep learning. CNN adopts 
the method of local connection and weight sharing. On the 
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one hand, it reduces the number of weights and makes the 
network easy to optimize. On the other hand, it reduces the 
complexity of the model and reduces the risk of overfitting[4]. 
When the input of the network is an image, these advantages 
will be more obvious. Each neuron only needs to perceive 
some elements in the image or text, and the final neuron 
integrates the perceived local information to obtain the 
comprehensive representation information of the image or 
text. 

As shown in Figure 1, CNN is usually composed of input 
layer, convolutional layer, activation fuction, pooling layer, 
fully connected layer and output layer. The convolutional 
layer is an important part of CNN. Each node input in the 
convolutional layer is part of the previous neural network 
layer, which aims to extract different features of the input 
picture or text. When dealing with the text sequence problem, 
the convolution layer usually uses filters of different sizes to 
extract different features in the text sequence. Then the non-
linearity of CNN is increased by the activation function. The 
pooling layer is to reduce the input dimension of the model, 
thereby reducing the complexity and parameters, improving 
robustness, and preventing model from overfitting to a certain 
extent. The most common pooling methods are maximum 
pooling and average pooling. The fully connected layer is 
mainly responsible for dimensionality reduction while 
retaining truly effective information. Usually, the components 
from the convolutional layer to the pooling layer are regarded 
as the process of automatically extracting features. After the 
feature extraction is completed, the output layer needs to be 
used to complete the classification or prediction tasks. 
Generally, the learned high-dimensional feature 
representation is fed to the output layer, and the probability 
that the current sample belongs to different categories is 
calculated by the Softmax function. 

 
Fig 1. Overall structure of CNN 

2.2. Recurrent Neural Network 
Recurrent neural network has the structure of tree layer, 

which is an artificial neural network in which the network 
nodes recursive the input information according to their 
connection order. RNN has a variable topology and shares 

weights. It is mostly used in machine learning tasks 
containing structural relationships and has attracted the 
attention of researchers in the field of NLP. The basic 
structure of RNN includes input layer, hidden layer and 
output layer. The biggest difference between RNN and 
traditional neural network is that RNN will send the output of 
the previous word into the hidden layer of the next word to 
train together, and finally only output the calculation result of 
the last word. 

At present, RNN has a great influence on short-term 
memory, but has little effect on long-term memory, which 
decides the predicament of the incompetence in dealing with 
input sequences with large length. And in the process of back 
propagation, the gradient multiplication is involved in the 
process of finding the parameter gradient of the bottom layer, 
which is prone to the problem of gradient disappearance or 
gradient explosion. Long short-term memory (LSTM) 
network and gated recurrent unit (GRU) can solve this 
problem to a certain extent. 

3. Application of Deep Learning in 
NLP 

3.1. Machine Translation 
Machine Translation (MT) refers to the process of using a 

machine to translate a natural language in a written form or 
sound form into a natural language in another written form or 
sound form through a specific computer program. With the 
development of DL, the quality of MT has been significantly 
improved, and it has been able to handle more complex and 
natural language expressions. The sequence-to-sequence 
(Seq2Seq) model is one of the applications of DL in MT. It is 
designed to directly establish a mapping between the input 
and output sequences, without the need for complex feature 
engineering or intermediate representation. Seq2Seq includes 
an encoder responsible for understanding the input language 
and a decoder responsible for translating the target language. 
This end-to-end training method enables the model to capture 
rich language patterns and context information on a large 
number of bilingual data. Different from the Seq2Seq model, 
Transformer relies entirely on the self-attention mechanism, 
which allows the model to process input data in parallel and 
better capture long-distance dependencies in the sequence. 
This brings higher efficiency and better performance to the 
model and becomes the core of many leading translation 
systems today. 

3.2. Sentiment Analysis 
Sentiment analysis, also known as tendency analysis, aims 

to analyze and process the text with subjective emotion [5]. 
Different from the traditional sentiment analysis methods that 
have the problem of semantic loss, over-reliance on prior 
background knowledge, and more requirement on manual 
intervention, DL provides a method to learn and extract 
features directly from data. CNN 's multiple convolutional 
layers are able to extract more complex text features layer by 
layer to form a hierarchical text representation, which is 
achieved by capturing the N-gram features in the text through 
a sliding window and identifying keywords or phrases related 
to specific emotions. Collobert et al. proposed a general 
framework based on CNN to solve a large number of NLP 
tasks in 2011[6]. Then in 2014, Kalchbrenner et al. 
successfully used CNN to extract significant N-gram features 
from input sentences [7]. RNN and its extension, such as 
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LSTM and GRU, are designed to solve the problem of long-
distance dependency in text. The emotion in the text often 
depends not only on the local vocabulary selection, but also 
on the context, the information in the front and back sentences. 
In 2011, Mikolov et al. successfully used RNN for language 
modeling [8]. Sutskever et al. proposed a general deep LSTM 
encoder-decoder framework that enables mapping between 
sequences in 2014[9]. 

3.3. Question Answering System 
The question answering system is designed to provide users 

with accurate answers. Driven by DL technology, the ability 
of question answering system has been significantly enhanced, 
especially when dealing with large and complex text 
databases. Traditional question answering methods usually 
rely on manually formulated rules or shallow text matching 
techniques, but these methods lack the ability to deal with 
diverse and complex problems. In contrast, DL provides a 
way to learn directly from data, and to understand text content 
and contextual relationships more deeply. BERT, a 
bidirectional deep language model based on Transformer, is 
proposed by Devlin et al. in 2018[10]. As shown in Figure 2, 
The model is composed of multi-layer bidirectional 
Transformer decoder. It learns the internal structure of 
language by pre-training a large number of unlabeled texts 
and semantics, and then optimize the results through label 
data for question answering tasks. In this case, BERT can 
capture bidirectional context semantics. Another model 
named text-to-text transfer transformer(T5) adopts a new 
methods[11]. It treats all NLP tasks as text-to-text conversion 
problems. T5 emphasizes the combination of task-
independent pre-training and task-specific fine-tuning, which 
enables the model to show a high degree of flexibility and 
accuracy in question and answer scenarios. 

 
Fig 2. BERT model 

4. Conclusion 
This paper mainly introduces CNN and RNN in DL, and 

expounds the research progress of each task in the field of 
NLP. Although DL has achieved great success in various tasks 
of NLP, there are still difficulties that need to be overcome. 
The larger the deep neural network model is, the longer the 
training time needs. How to reduce the model volume while 
maintaining the performance is a direction for future research. 
Looking ahead, DL may also be combined with other cutting-
edge technologies such as quantum computing and edge 
computing to achieve higher computational efficiency and 
wider application scenarios. The application of DL in NLP 
will be more diverse and extensive. 
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