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Abstract 

Emotional classification is an important task in natural language processing. Aiming at 
the problem of gradient explosion and gradient disappearance of traditional cyclic 
neural network in text affective analysis model, and the high computational cost, this 
paper proposes a bi-directional GRU network model based on attention mechanism for 
text affective analysis. Corp-Htl-ba-6000 dataset is trained and tested, and good results 
are obtained, which can effectively improve the effect of emotional classification and 
classification speed. 
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1. INTRODUCTION 

In recent years, with the rapid development of the Internet, a large number of texts, audio, 
pictures, video and other data are produced every day. People are more and more fond of 
expressing their opinions and opinions on the Internet. Among them, text information has the 
largest amount of data, including a large number of comments on something. Extracting the 
emotional color and emotional tendencies contained in these information can help observers. 
Make better decisions. However, the text information is disorderly, and it is difficult to 
distinguish and organize manually. Emotional analysis of text is also a hot research topic at 
home and abroad. 

Emotional analysis, also known as opinion mining and opinion analysis, is a process of 
analyzing, processing, summarizing and reasoning emotional subjective texts by helping users 
quickly acquire and organize massive subjective evaluation information on the Internet. 

At present, there are mainly two kinds of emotional classification methods: dictionary-based 
and machine learning. 

As an important branch of machine learning, deep learning is mainly used in the field of image 
and speech recognition at first, and has achieved better and better results. In recent years, deep 
learning has gradually emerged in the field of text classification, showing excellent performance 
and achieved excellent results.In recent years, two mainstream deep learning models, 
convolutional neural network and cyclic neural network, have been proposed and applied to the 
field of natural language processing, and have achieved remarkable results in short text 
sentiment analysis[1]. 

Tang et al. [2] established a text-level cyclic neural network model by using cyclic neural 
network. Compared with the standard cyclic neural network model, this model has higher 
advantages and has made progress in emotional classification tasks. Tai et al. [3] used tree LSTM 
structure to conduct emotional analysis, which proved that LSTM model can solve the problem 
of emotional analysis. The key point of circular neural network is to use the information before 
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to the current task. Such a structure inevitably brings about the problem of gradient 
disappearance and gradient explosion. For this reason, Hochreiter et al. [4]proposed LSTM 
(Long Short-Term Memory), which can better link the context information and maintain good 
classification effect. However, because of the complexity of LSTM structure and the high 
computational cost, CHO [5] and others proposed threshold control unit (GRU) in 2014. As a 
variant of LSTM, GRU has simpler structure, fewer parameters and simpler training, while 
maintaining the advantages of LSTM. Li Xiao et al. [6] use Bi-GRU network to extract specific 
information quickly and accurately from the input sequence of Internet information. 

Attention mechanism originates from the research of human vision. In recent years, it has 
been widely used in image processing, speech recognition, natural language processing and 
other fields of in-depth learning. In recent years, it has also been widely used in emotional 
classification tasks. The core goal of attention mechanism is to select more critical information 
for the current task by calculating probability distribution among many information. Mnih et al. 
[7] added attention mechanism to RNN model, which improved the accuracy of image 
classification. Then Bahdanau et al. [8] applied the attention mechanism to the field of natural 
language processing (NLP) for the first time, using the attention mechanism to link the 
expressions learned by each word at the source language end with the words predicted to be 
translated in the task of machine translation. The hierarchical attention network proposed by 
Yang et al. [9] is better than the previous model in text categorization. In emotional classification 
tasks, the combination of attention mechanism and neural network model has become a 
research hotspot. Tian Shengwei et al. [10] used Bi-LSTM and attention mechanism combined 
with hybrid neural network to improve the classification effect; Cheng Lu [11] proposed a 
neural network model based on attention mechanism and Bi LSTM for emotional analysis of 
Chinese commodity reviews. 

In this paper, a neural network model based on Bi-GRU and attention mechanism (ATT-BIGRU) 
is proposed. Bi-GRU can be used for fast processing speed and maintain good classification 
effect. Attention mechanism can reduce the noise interference of comment text and further 
improve the F1 value of fusion model in text classification. 

2. RELATED WORKS 

2.1. GRU 

The context of text has a certain connection. Recurrent Neural Network (RNN) has memory 
function for the previous information, but after several steps of transmission, the former 
information will gradually weaken or even disappear. LSTM is a special kind of recurrent neural 
network, which can better capture long-distance semantic dependence, effectively correlate 
historical information, and at the same time. It solves the problems of gradient disappearance 
and gradient explosion existing in traditional cyclic neural networks, but it also requires a high 
computational cost to meet the complexity of the structure. To solve this problem, Cho et al. [5] 
reduced the number of "gates" on the basis of LSTM, and proposed a variant of LSTM GRU (Gated 
Recurrent Unit). Chung et al. [12] carried out comparative experiments to verify that GRU and 
LSTM have similar performance, but the calculation speed is faster and the calculation cost is 
greatly saved. In a GRU model, there are two gates, update gate Z and reset gate R.TT 
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Among them, denotes activation function, [] denotes vector connection, * denotes 
multiplication of matrix elements, RT denotes reset gate at t time, ZT denotes update gate at t 
time, HT denotes activation state at t time, and HT-1 denotes hidden layer state at T-1 time. 

2.2. Attention Mechanism 

Traditional Encode-Decode (Encode-Decode) structure model uses a fixed length vector to 
encode the input sequence. This encoding method makes it difficult for the model to learn a 
reasonable vector representation when the input sequence is very long. Attention mechanism 
originates from the study of human vision. Attention mechanism can make the model pay more 
attention to the important information in the text and give more weight to the data that 
contributes more. For example, if attention mechanism is applied to the hidden layer feature H 
produced by GRU, then the H-weighted feature can be obtained. Construct the input of attention 
mechanism in H=[h1, h2, h3,... Hn]. 

Where d denotes the length of the H vector and N denotes the length of the input sentence. 
Attention mechanism will produce attention weight matrix and feature representation v. The 
random initialization of Ws and hi is a component of the weights in the integrated neural 
network, which is trained by inverse conduction with other weights. 

3. BI-GRU MODEL BASED ON ATTENTION MECHANISM 

In order to pay attention to more valuable text information and save time and space costs, 
this paper proposes a Bi-GRU model based on attention mechanism, which consists of word 
vector layer, bidirectional GRU layer, feature fusion layer, attention layer and output layer, as 
shown in Figure 1. 

 

Figure 1. Bi-GRU model based on attention Mechanism 
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3.1. Text Preprocessing 

In order to eliminate unnecessary noise interference, this paper preprocesses the text in the 
data set using the related technologies in the field of natural language processing. Firstly, each 
comment text is segmented based on Jieba segmentation tool, and then the stop words are 
processed based on the stop words list provided by Harbin Institute of Technology and Baidu, 
and then the noise is removed. When removing noise, this paper mainly deals with the slang, 
abbreviation of specific terms, user nickname, URL, punctuation and other strings involved. In 
this paper, we use Google Open Source Tool Word2Vec to train corpus based on CBOW model to 
obtain the vector representation of text words. Word vectors capture complex mappings from 
words in corpus to real dimension vector spaces. 

3.2. Bidirectional GRU Network 

Bi GRU is a neural network model consisting of one-way, opposite GRUs whose output is 
determined by the states of the two GRUs. At each moment, the input provides two GRUs in 
opposite directions, while the output consists of two one-way GRUs. 

4. EXPEIMENTAL RESULTS AND ANALYSIS 

4.1. Data Set 

In order to verify the validity of the proposed model, this paper chooses ChnSenti Corp. as 
the test set of the proposed model. The published corpus is 10,000 articles. Based on the 
particularity of ChnSenti Corp-Htl-ba-6000, this paper uses the data of ChnSenti Corp-ba-6000 
to carry out experiments. The corpus is a balanced corpus. Including 3000 positive and negative 
categories. 

4.2. Model Evolution Criteria 

For the evaluation criteria of the model, the accuracy Precision, recall Recall and F1 values 
are used to evaluate the model. The calculation formulas are as follows: 

 
 

Among them, Nright denotes the number of results correctly classified, Nwrong denotes the 
number of results incorrectly classified, TP denotes the number of results positively classified 
and judged to be positive, and FN denotes the number of results positively classified but 
incorrectly classified as negative. Accuracy is used to measure the accuracy of the classifier, 
while recall is used to measure whether the classifier can find all the samples, so the two 
indicators should be taken into account. Using F1 (weighted harmonic mean of accuracy and 
recall) to balance these two aspects. 
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4.3. Experimental Results and Analysis 

On the same data set, the data set is divided into test set and training set in a ratio of 5:1. Four 
emotion classification models based on deep learning are designed for comparative 
experiments. 

Table 1. Comparison of experimental results 

 
 

By comparing the results of four groups of experiments, we can find that: 

1) LSTM-based emotional classification model and GRU-based emotional classification model 
have similar accuracy. Both have similar classification effect, but GRU model has faster 
classification speed. 

2) Compared with the experimental results based on GRU algorithm and Bi-GRU algorithm, 
it can be found that the accuracy of Bi-GRU model is higher, mainly because B-iGRU calculates 
the input sequence forward and backward, and it can extract the text information features more 
accurately. So, the bi-directional neural unit model has higher accuracy. 

3) Comparing the Bi-GRU network model based on attention mechanism and the Bi-GRU 
network model, we can find that the attention mechanism has greatly improved the 
classification accuracy of the model. It shows that the attention mechanism improves the 
classification ability of this emotional classification model. 

5. CONCLUSION AND PROSPECT 

The contribution of this paper lies in the combination of attention mechanism and B-iGRU 
neural network, which is applied to text emotion classification task. At the same time, three sets 
of comparative experiments are set up to verify that the model has a good use effect and has a 
certain contribution to text emotion analysis based on deep learning. 

At present, the development of Chinese affective analysis based on in-depth learning is still 
in its initial stage. The complex grammatical structure and diverse semantics of Chinese bring 
some difficulties to affective analysis. Emotional analysis of Chinese texts still has great 
prospects for development, which is worthy of our further study. 
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