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Fine-grained Sentiment Classification of Chinese Microblogs Combining Dual Weight Mechanism
and Graph Convolutional Neural Network
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School of Software, Yunnan University, Kunming 650504, China

Abstract Using deep learning models and attention mechanisms to classify fine-grained emotions of Chinese microblogs has be-
come a research hotspot. However, the existing attention mechanisms consider the impact of words on words,and lack effective
integration of the various dimensional characteristics of the words themselves (such as word meaning, part of speech,semantics
and other characteristic information). In order to solve this problem,the paper proposes a dual weight mechanism WDWM (word
and dimension weight mechanism) ,and combines it with the GCN model based on the analytical dependency tree,so that it can
not only select the words that contain key information in each microblog,but also extract the important dimensional characteris-
tics of the word and effectively integrate multiple dimensional characteristics of words,so as to capture more rich feature informa-
tion. The F measure of fine-grained sentiment classification of Chinese microblogs combining dual weight mechanism and graph
convolutional neural network (WDWM-GCN) reaches 84. 02% , which is 1. 7% higher than the latest algorithm proposed by
WWW in 2020, which further proves that WDWM-GCN can effectively integrate the multi-dimensional characteristics of words
and capture rich feature information. In the experiment on the classification of Sogou news data set,after the BERT model is added
to the WDWM mechanism, the classification effect is further improved, which fully provs that the WDWM has a significant im-
provement on the text classification model.
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network
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Fig. 1 Architecture of the model
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Table 2 Parameter settings

Parameters Values / Descriptions
Word embedding Embedding size 300
Max time step 140
Hidden neurons 180
Bi-LSTM Hidden layers 2
Batch normalization True
Dropout rate 0.5
GON Network size (size of ®) [360,7]
Layers number 1
Pooling Pooling method 50th percentile pooling
Loss function Cross entropy
Regularization L2 regularization 1x10°8
Orthogonal regularization 1x10°8
Optimizer Adam
Training Minifk.)atch size 32
Learning rate 0.001
Weight decay rate 1x10°8
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Table 3 Performance of different models on NLP&.CC2013 dataset
CRLAE 2 Y0
Method macro_f micro_f

SVM votel 6 23. 62 31,11

MCNNE 34,62 43.65

EMCNNLS 35.17 14,22

CNNEY 67.42 74.23

LSTME! 68. 32 73.42

LSTM+ CNNE 69. 89 76. 42
LSTM+GCN

(without syntax information) %% 7.8l 7799

Syntax-based GCNE! 79.93 82.32

WDWM-GCN(Our Approach) 81. 88 84.02

(1 CNN: B SR 4 FUR I fb 5 15 Sk il IS AR 119 17 sk
FRAE

(2)LSTM : A SCAS B T A~ J7 [] 2 U ) [ 5C 5, DA 1T 4
BRI = & 1 SCASRRAE

(3)CNN+ LSTM: ¥ CNN 5 LSTM #H %54 . i Bt S A
P S BTE SO SCBERHAE o R I A SCA G Ak iy BB 2K

(OLSTM+GCNCE#E#:F B ¥ LSTM 5 GCN i %5
G IR IOBELER.

(5)Syntax-based GCN: ¥4 GCN 5 Dependency Tree 445
GBI AMFRYE R B R R R InEs . (HIF R
1 BAR) I 22 4k BE R, WDWM-GCN B 8] AT — Fh 3 AL
AL A ALRE SC ] F 1B A5 B L 1 RE % %] 1A 1 22 4
R AT A R A .
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BT 5.12%, 1 WDWM-GCN HJ micro_ f . Syntax-based
GON @ 1 1.7%.
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precision JHINEE micro_ precision, 7% W A3 B R macro_re-
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macro_f FIWE-IME micro_f X 6 DPEREFE PR AR FEAT T X
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Fig. 6 Comparison of macro_recall performance between

WDWM-GCN and Syntax-based GCN
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Fig. 7 Comparison of micro_recall performance between

WDWM-GCN and Syntax-based GCN
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Fig. 9 Comparison of micro_precision performance between
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Table 4 Comparison of emotional binary classification models

Fig. 11

CHA 2 %)
Method Accuracy Precision Recall
LSTM!#?! 90.01 90. 07 90. 15
CNNEY 91.65 91. 62 92. 65
Syntax-based GCNE?! 92. 04 92.19 92. 04
WDWM-GCN 92.77 92.76 92.70
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Table 5 Comparison of the different text classification model before

and after the intergration of WDWM

CRLp 2 96)

Method Accuracy Accuracy(WDWM-based)
TextCNN 90. 79 91. 61
TextRNNM! 90. 81 91.10
FastTest41) 91.79 92. 36
DPCNNLZ] 89.99 90. 62
Transformer!] 89.50 90.09
Bert-*3 94. 24 94.72
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