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Abstract 

Microblog, as an important platform for people to express their opinions, has become a 
research hotspot of text sentiment analysis. There are some problems in micro-blog 
texts, such as casual expression, mixed Chinese and English, and difficult identification 
of emotional words on the Internet, which make it difficult to determine emotion 
classification. This paper proposes a BERT_LSTM model based on attention mechanism. 
Firstly, the Roberta model is used to extract semantic features and input them into the 
LSTM module, and then the semantic features are transferred repeatedly and finally 
input into the Attention layer to obtain weighted features. Finally, Softmax linear 
function is used to achieve sentiment classification. The comparative experimental 
results show that the accuracy of Roberta_LSTM model based on attention mechanism 
proposed in this paper is 2.1% higher than that of single-language Roberta model, which 
shows that this model can more accurately capture the emotional tendency of microblog 
short texts. 
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1. Introduction 

In recent years, researches on short-text sentiment classification have made rapid progress. Ouyang 

[1] proposed to combine Word2Vec model and convolutional neural network to process sentiment 

analysis. Firstly, Word2Vec was used to represent the text matrix, and three convolutional layers and 

pooling layers were used to build the network model, which showed good performance. However, 

the disadvantage of using the convolutional neural network model is that the convolutional operation 

can only obtain the semantic relationship of neighboring words, and fails to extract the features of 

long-distance interaction. Pappas [2] mechanism proposed hierarchical attention to text classification, 

using two-way door control unit for the text characteristic, as well as build two different levels of 

attention mechanism, for different levels of information, and better classification, using network 

model of attention mechanism, main model is obtained by calculation figure characteristics of the 

weight coefficient of attention, but did not consider similar text instance on the result of classification; 

Wang et al. [3] integrated the recursive neural network and conditional random field into a unified 

framework for the common extraction of explicit aspects and opinion terms, which improved the 

classification accuracy, but such methods failed to highlight the key knowledge in the text. Meng [4] 

use parallel corpus dictionary such as coverage, using maximum likelihood values to annotation of 

words, and enhance the emotion classification accuracy, etc. [5] LiYu shine through the construction 

of bilingual dictionaries, weibo class more emotional analysis, but the two methods to build a 

multilingual parallel corpus, classification accuracy depends on the quality of the corpus and size. 
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The datasets of emotional corpus used in the above studies are usually relatively standard. However, 

in social applications such as Weibo, people's expressions are often arbitrary, accompanied by some 

network hot words, tag symbols, words of other languages, etc., which increase the difficulty of 

sentiment classification of Weibo texts. In view of the above problems, this paper has made 

improvements from two aspects. 1. In the part of data preprocessing, the semantic features are 

extracted based on Roberta [6] pre-training language model, and the feature graph Fi, 2 is obtained. 

The feature map was taken as the input of LSTM[7], and the multi-classification model was 

summarized by combining the weight of attention, which finally achieved a better effect than other 

models. 

2. Model Construction and Rationale 

2.1 Model Building 

Firstly, the Roberta_LSTM classification model based on attention mechanism is proposed, and its 

model structure is adjusted on the basis of the basic Roberta architecture. Instead of classifying the 

Polled Layer directly after Roberta extracted the features, the proposed LSTM-Attention module was 

used to refine the Polled Layer. The final output layer is calculated with crossover loss, and the 

Roberta_LSTM classification model based on attention mechanism can be obtained, as shown in 

Figure 1. 
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Figure 1. Roberta_LSTM classification model based on attention mechanism 

 

2.2 Microblog Word Embedded 

The Embedding of this paper refers to Bert's word Embedding module, as shown in Figure 2, which 

consists of three parts: token embeddings, segment Embedding, and position Embedding 

For example, the length of the micro-blog text after processing is 11. First, in Token Embeddings, 

Convert this micro-blog text to a vector representation of fixed dimensions (here set to 768) with the 

shape of a tensor of (11,768). Next, the Segment embedding layer is used to help Bert better 
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distinguish the paired input sequences, which will enable the 11 input tokens to be converted into a 

tensor with the shape of (11,768). Finally, the input is embedded through position to learn the vector 

representation of each position to include the order characteristics of the input sequence, and a tensor 

with the shape of (11,768) is also obtained. 

 

 

Figure2. Word embedding module 

 

Finally, after adding three tensors of the same size according to the elements, the final composite 

representation is obtained, which is the input of Roberta coding layer. 

2.3 ROBERTA Feature Extraction 

When Roberta carries out the classification task, it uses the hidden layer state of the last layer [CLS] 

as the input of classification. Here, it does not carry out the classification task directly, but uses 

Roberta as the encoder to extract the characteristic information of the sentence. 

In this paper, the given text is input I, the text is first embedded through the Embedding of Section 

2.2, and then passed to Roberta to extract deep features. The representation of the text feature vector 

extracted by Encoder and Decoder can be written as , where represents the representative 

weight of the whole Roberta: 

                              (1) 

Where represents the Roberta representation of text I, F(.) represents the global pooling layer 

(GAP), and after the global pooling layer is a fully connected Linear layer, and the output feature FI 

is obtained. 

2.4 LSTM – Attention Model 

The output H of the sentence Bert represents the semantic embedding of the whole sentence. The 

output H here is used to join with the LSTM_ATTENTION module proposed in this paper to further 

improve the model classification effect. Finally, the Softmax layer is used for classification. 

When the sentence to be processed is Embedding with the Roberta Embedding, its feature 

representation can be extracted through Roberta. In this paper, LSTM-attention as shown in Figure 3 

is constructed. These feature representations will be transmitted repeatedly through LSTM to obtain 

more refined representations. Finally, Attention weights are summarized for these finer feature 

representations to form more differentiated feature representations. 

After word Embedding introduced in 2.2 and feature extraction by Roberta in 2.3, the output feature 

Fi is obtained, and then the feature graph Fi with different time steps circulates through the LSTM 

module. 
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[SEP]
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Figure3. LSTM_Attention module 

 

The purpose of this step is to refine the detail of the feature graph FI as it passes through multiple 

time steps of the LSTM. The input for each time step is the same feature graph Fi. The time 

representation function of LSTM can be expressed as . Therefore, the output of the LSTM can be 

modeled as: 

                           (2) 

Where t = 1,2,3... T represents the time step of LSTM, and φ represents the function modeled by 

LSTMcell after each time step. φ(Ft) ∈ Rd is a D-dimensional vector representing the output of Fi 

in the characteristic part of the time step T. 

After obtaining more detailed information about the feature map via LSTM, these finer features are 

weighted together using the Attention Network. The output of the Attention layer can be written as 

follows: 

                              (3) 

Among them: 

                           (4) 

Where Ai is the output of the Attention network, Wt∈ Rd is the trainable weight parameter assigned 

to the feature at each time step. Finally, the D-dimensional output of the attention layer will be 

generated through the fully connected neural network and Softmax network to generate the category 

probability vector of fine-grained categories, which is given by the following formula: 

                             (5) 

Where represents probability distribution. After attention, W1 encapsulates the weight of the full 

connection layer, represents the softmax layer, and AI represents output from the attention 

network. This design allows the model to gradually focus on the most distinct areas of the input, 

further enhancing the sentiment classification model. 

2.5 Cross Entropy Calculation Loss 

In this paper, the deep learning network is used to adjust the relevant parameters by minimizing the 

loss of binary cross entropy (BCE) between the micro-blog emotion prediction classification γi and 

the expected label Yi. The binary cross entropy (BCE) is shown as follows: 

LN = − ∑ yi log(γi)
N
i=1 + (1 − yi) log(1 − γi)                                          (6) 
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3. Experimental Analysis 

3.1 Data Preprocessing 

This research USES the data sets from June 2020 to October crawl web weibo between real-time data, 

including 31247 short text, a text cleaning can be used for training after 27768, here, data can be 

divided into 3 groups, respectively is negative -0, positive -1, and no emotion -2, said the three types 

of data, three kinds of the amount of data, respectively, 12563, 9312,5893. 

3.1.1 Data Cleaning 

Due to the large number of disorderly characters in the microblog data, the text was tried to be cleaned. 

The cleaning process and results are shown in Table 1 

 

Table 1 Microblog data cleaning process. 

Cleaning method The sample Cleaning results Label 

Simplified and traditional 
transformation 

Who pays for the broken heart?... 
Who pays for the broken 

heart? 
0 

Microblog @sb. 
@Qian Xuming The temperature in the 

room is very low... 

The temperature in the room 

is very low... 
0 

Email and url 
System stability is better... 

abc@demo.com 
System stability is better... 1 

HTML and escape characters Cut prices too fast...&nbsp Cut prices too fast... 2 

 

3.2 Model Analysis 

The first 85% of each kind of data was divided into training set and the remaining 15% as test 

set. Batchsize was selected as 16. Each iteration is pumped from the training set text article 16 text, 

next to each text three times embedded, token, segment and the position of the embedded dimension 

respectively [21128,768], [512,768], [2,768], so the text after three embedded in the final dimension 

for [16512768], and then embedded in the text after a RoBERTa, feature extraction, and the Linear 

layer characteristics after dimension into [1,16,768] to the size of the figure. 

In the next step, features extracted by Roberta are extracted by LSTM module in accordance with the 

time step to extract more detailed features, and the size of feature dimension output by LSTM module 

is [16,56,1536]. 

Finally, through the attention module, the feature map with the size of [16,768] is obtained. Figure 

after softmax layer classification, classification level of output, the output dimensions for [16,3], 16 

line 3 columns of the matrix, the number of rows represent 16 text, the number of columns for each 

text corresponding to three kinds of emotions the return value of 0,1,2. the first in the batchsize first 

text: "no matter how deep night, the mood the skylight big bright after all is a brand new start", for 

example, corresponding to each step in the following table, its classification matrix of the [0.0082, 

0.6523, 0.1467], that is to say by network classification to positive emotions. 

 

Table 2 Text classification process 

The original text 
No matter how low the mood of the night, after the sky is 

bright is a brand new start 

Through the word embedded dimension: 

[16,512,768] 

[[[0.1856,0.2348,…,],…,[0.6123,0.0314,…,]],… 

[[0.0816,0.19248,…,],…,[-0.1213,0.1268,…,]]] 

Extracted feature dimension:[1,16,768] 
[[[-0.049,0.1273,…],…,[-0.2491,0.2463,…]],…, 

[[0.10841,0.0851,…],…,[0.9113,0.63181,…]]] 

LSTM module dimensions: 

[16,56,1536] 

[[[-0.049,0.1273,…], …[-0.2491,0.2463,…]],… 

[[0.1240,-0.3153,…], …[0.9117,0.3962,…]]] 

Attention module dimension [16,768] [[-0.1414,-0.0154,…,0.266],…,[-0.1218,…2.2241]] 

Classification module dimension [16,3] 
[[0.0082,0.6523,0.1467] 

[0.742,0.238,0.1268]] 
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3.3 Model Evaluation Index 

(1) Accuracy (P) 

                              (7) 

Where, TP represents true cases, FP represents false positive cases, and precision represents the 

proportion of true positive cases in the samples predicted to be positive cases. 

(2) Recall rate (R) 

                             (8) 

Where, TP represents true examples, FN represents false counter examples, and recall rate represents 

the proportion of positive samples predicted to be positive examples in all positive samples. 

(3) F1 value (harmonic mean of precision rate and recall rate) 

                                 (9) 

3.4 ROBERTA_Chinese Model Comparsion 

In this study, the single pre-training model of roberta_Chinese is first compared with the basic Bert 

model. The simplicity of roberta_Chinese makes it possible to apply it directly to the task of sentiment 

analysis. For the data in this paper, the results of the Roberta_Chinese pre-training language model 

and the basic BERT model are compared as shown in Table 3: 

 

Table 3 Performance of different emotion classification models 

Model positive(F1) negative(F1) No mood(F1) On average(F1) 

BERT 82.5 81.7 79.3 81.8 

RoBERTa_Chinese 84.4 83.3 82.4 83.1 

 

It can be seen from the table that the effect of Bert based sentiment classification model is quite good, 

and the pre-trained Roberta_Chinese model has a better effect than the Bert based model on the data 

set used in this paper, with classification F1 improved by about 2 percentage points. 

3.5 Analysis Of Experimental Results 

Ablation experiments were performed to analyze how each component of the model individually 

improved the performance of the overall model. The influence of network module on classification 

is shown in Table 4. From the table, it can be seen that the results of RoBERTa_Chinese_Attention 

are not satisfactory, which indicates that the Attention module that comes with Roberta is quite 

excellent. By comparing different models with the same parameter Settings, it can be found that 

RoBERTa_Chinese followed by LSTM_Attention model method gets the best performance. This 

shows that when LSTM learns finer features, it needs to add extra layers of attention to learn the 

weight of each feature at different time steps. Such a design helps the network to focus on finer details. 

 

Table 4 Influence of LSTM and LSTM_ATTENTION on the dataset 

Model Positive F1 Negative F1 No mood F1 Average F1 

RoBERTa_Chinese 84.4 83.3 82.4 83.1 

RoBERTa_Chinese_LSTM 84.8 83.9 82.7 83.9 

RoBERTa_Chinese_Attention 84.5 83.2 82.7 83.3 

RoBERTa_Chinese_LSTM_Attention 85.9 85.1 84.1 85.2 

P= *100%
+

TP

TP FP

*100%=
+

TP
R

TP FN
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2 1 1
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4. Conclusion 

In this paper, a Roberta_LSTM short-text sentiment classification model based on attention 

mechanism is proposed. Different from the general LSTM neural network, the extracted features of 

this model are more refined, and the final Softmax output layer classification effect is better. The 

analysis of the experimental results shows that, compared with RoBERTa_Chinese, RoBERTa 

_Chinese_LSTM and RoBERTa_Chinese_Attention models, the final roberta_chinese_lstm-

attention model makes the final accuracy of micro-blog text classification significantly improved. 

However, there are still some shortcomings in the study of short text microblog analysis. For example, 

excessive reliance on manual tagging of data is too labor-intensive. In the future, it will focus on 

sentiment analysis of micro-blog texts with less data annotation, and design a semi-supervised 

sentiment analysis model of micro-blog. 
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