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Table 5 Comparison of model classification results %

Rest_ISE Lap_ISE
o
P R Fl1 A P R F1 A
TD-LSTM 54.64 53.71 52.92 37.68
MIDYT 57.87 56.37 58.22 56.23 55.81 55.87 56.83 48.24
RAM 60. 80 57.81 60.35 55.25

GBA  58.35 59.01 60.89 56.56 64.22 65.15 65.95 60. 66
Amobee 62.77 62.74 63.21 62.54 69.59 70.13 71.14 73.43
BBA  66.53 64.29 67.33 65.92 77.37 73.65 78.89 75.36

DCAB  70.36 70.55 71.49 68.52 79.26 76.31 80.47 76.64
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Fig. 4 Comparative experimental results of

word embedding models
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Fig.5 Comparative experimental results of attention mechanism
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Table 6 Contrast of aspect-based implicit emotional sentences

eGSR SIPRIERE DCAB RAM BBA
1.1 will upgrade the ram myself ( because with this model you can you can do it) later on. piAva U ik Rk
2.1f you ask me,for this price it should be included. T T i LRk
3.1 hope to edit this in the next few hours,I am going to try to install my own copy of Windows 7. ok ok ok HhoE
4.1 charge it at night and skip taking the cord with me because of the good battery life. LR LRk c3 TR T
5.1 could not find a phone number anywhere to call an actual live person for tech support and i W Hipk Wb

had to result the their online chat .
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Aspect-based implicit sentiment analysis model based on
BERT and attention mechanism

YANG Chunxia' HAN Yu' CHEN Qigang' MA Wenwen'

1 School of Automation/Jiangsu Key Laboratory of Big Data Analysis Technology/ Collaborative Innovation Center of
Atmospheric Environment and Equipment Technology , Nanjing University of Information Science & Technology, Nanjing 210044, China

Abstract There are quite a few comment sentences without emotional words in aspect-level emotional texts, and
the study of their emotions is called aspect-level implicit sentiment analysis.The existing models have the problems
that the context information related to aspect words may be lost in the pre-training process,and the deep features in
the context cannot be accurately extracted. Aiming at the first problem,this paper constructs an aspect-aware BERT
pre-training model , and introduces aspect words into the input embedding structure of basic BERT to generate word
vectors related to aspect words. Aiming at the second problem , this paper constructs a context-aware attention mecha-
nism.For the deep hidden vectors obtained from the coding layer, the semantic and syntactic information is intro-
duced into the attention weight calculation process, so that the attention mechanism can more accurately assign
weights to the context related to aspect words.The results of comparative experiments show that the proposed model
outperforms the baseline model.
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aspect-based sentiment analysis( ABSA) ;implicit sentiment analysis;gated recurrent unit( GRU) ; at-

tention mechanism ; BERT model



