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Aspect—level Sentiment Analysis of Graph Convolutional Networks Based
on Syntactic Enhancement and Mogrifier LSTM
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Abstract: Most graph convolutional network models were constructed on a single syntactic analytic tree, leading to inaccurate syntactic analy-
sis results when dealing with complex long sentences. To address this issue, a graph convolutional network model based on syntactic enhance-
ment and Mogrifier LSTM was proposed. Firstly, the input data was parsed by multiple external syntactic parsers to obtain multiple syntactic
parser trees. Then, a fusion strategy was designed to obtain an enhanced dependency tree. Finally, a bidirectional Mogrifier LSTM (Mogrifier
BiLSTM) was constructed, and the input information and hidden information were coupled and iterated using an odd—even alternation algo-
rithm, which solved the problem of underutilized context information. The model accuracy and F1 values of the Restaurant, Laptop, and Twit-
ter datasets reached 84.74% and 78.44%, 79.21% and 75.76% , and 75.98% and 74.38%, respectively.
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Table 2 Comparative experiment results
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Acce F1 Acc F1 Acc F1

ASGCN'* 80.77 72.02 75.55 71.05 72.15 7040
DT 8230 74.02  77.19 7299 7466 73.66
BiGCN" 81.97 7348 7459 7184 7416 73.35
KumaGCN'2! 81.43  73.64 76.12 7242 7245 70.77
R-GAT?/ 83.30 76.08 7742 7376  75.57 73.82
DGEDT'?! 83.90 75.10 7680 7230 74.80  73.40
DualGCN'* 8427 78.08 7848 7474 7592  74.29
MILFST ! 82.50 7454 7774 7427 7427  73.14
SDEG! 2! 8241 7426 77.12 7344 7254 7146
AEDGCN!"? 8432 7754 7820 7482 76.12 74.44
BGGCN! - - 7761 7352 7482 7297
Our SMGCN 8474 7844 7921 7576 7598  74.38

R-GAT+BERT!?! 86.60 8135 7821 7407 76.15 74.88
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BERT4GCN'>! 8475 77.11 7749 73.01 7473  73.76
Our SMGCN+BERT 8742 8146 80.54 7726 77.85 76.76
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Table 3 Ablation experiment results

K3 HEXRER

Restaurant Laptop Twitter
Models
Acc F1 Ace F1 Ace F1
SMGCN 8474 7844 7921 7576 7598  74.38
w/o DTF 83.65 76.58 78.01 74,61 7489  73.76
w/o mogrifier 84.04 7744 78.61 7506 7548  74.08
w/o self-attention 8323 77.03 7796 74.04 7434 73.02
w/o syntactic-mask ~ 83.65 7723  78.43  74.81 74.89  73.12
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ey, T S B A vk A R R . AR SO AT A 2 B RT R A
Deep Biaffine Parser ., Stanford NLP F1 Stanza = /> 7] 72 fi# ¥t
o 4R T T B AT A SO 224 i A 2
3 R ) S B0 50 X EE T DL

Table 4 Syntactic fusion experiment results

R4 AEMELRER

Restaurant Laptop Twitter
Models
Ace F1 Ace F1 Acc F1
Biaffine 83.20 75.95 77.53 73.45 74.74 73.6
Stanfordnlp 83.65 76.58 78.01 74.61 74.89 73.76
Stanza 83.82 76.61 78.16 74.64 75.33 73.83
SMGCN 84.74 78.44 79.21 75.76 75.98 74.38
3 #iE
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