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Aspect level classification model based on BERT and interactive attention
YUAN Yifei, SHAN Jianfeng

(College of Electronic and Optical Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

[ Abstract] The current emotion classification models for aspect level tend to ignore the independent modeling of aspect words. The
traditional attention mechanism models may assign low attention weight to emotion words in sentences.In view of this, an emotion
classification method combining interactive attention network (IAN) and bidirectional encoder representation technique ( BERT) is
proposed. First of all, the input is divided into three parts: text, aspect words, text + aspect words. Then, the word vector is
obtained by BERT, the bidirectional gated unit ( BiGRU) is responsible for semantic information extraction, and the hidden vectors
are input into the feature extraction layer respectively. Finally, the two parts are spliced and input into sofimax layer to get the
emotional polarity.The experimental results on SemEval dataset show that compared with exisiting methods, the proposed method
can effectively achieve the improvement of 5% in the sentiment classification.
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Fig. 1 Task instance of aspect level sentiment classification
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Fig. 2 GRU neuron structure
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Fig. 3 BiGRU neural network structure
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Tab. 1 Data set
pIEiiE S R ik TR
Restaurant—Train 2 164 637 807
Restaurant—Test 728 196 196
Laptop—Train 994 464 870
Laptop—Test 314 169 128
Twitter—Train 1561 3127 1 560
Twitter—Test 173 346 173




53

FiRK, A AR T BERT FISCH.E R 1 B9 77 21K B 28 Y 49

32 XWSHEIEE
BERT il [n] f2: 4 B 15 & 768, FH 1E 24347 XL
TR MERI R 0, FEINZRrh,
Adam EALES E B SH, BB Batch 7 16,2 2] RN
Se—5, SCHEAEFIAEE LR 2,
F2 LRI

Tab. 2 Experimental environment
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Tab. 3 Experimental results of different models

i i ey Restaurant Laptop Twitter
SVM Ace/ % 80.2 70.5 63.4
Fy {8 NA NA 63.3
LSTM Ace/ % 74.5 66.5 64.4
FyfH 56.1 60.6 62.7
TD-LSTM  Acc/ % 75.5 67.7 65.2
F{H 62.3 61.3 64.9
ATAE-LSTM  Acc/ % 71.3 68.7 69.4
F, 18 63.5 63.0 67.7
IAN Ace/ % 78.3 72.1 71.6
F{H 66.7 67.4 70.2
RAM Ace/ % 80.2 74.2 70.1
F & 70.3 69.9 68.5
BiIAGRU=Glove Acc/ % 79.3 74.9 71.6
FyfH 68.1 66.9 70.3
BiIAGRU-BERT Acc/ % 83.2 78.3 74.3
F {8 73.8 73.0 73.4
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