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Long text aspect-level sentiment analysis based on text filtering and improved BERT
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Abstract: Aspect-level sentiment analysis aims to classify the sentiment of text in different aspects. In the aspect-level
sentiment analysis of long text, the existing aspect-level sentiment analysis algorithms do not fully extract the features of
aspect related information in the long text due to the redundancy and noise problems, leading to low classification accuracy.
On the datasets with coarse and fine aspects, existing solutions do not take advantage of the information in the coarse aspect.
In view of the above problems, an algorithm named TFN+BERT-Pair-ATT was proposed based on text filtering and improved
Bidirectional Encoder Representation from Transformers (BERT). First, the Text Filter Network (TFN) based on Long
Short-Term Memory (LSTM) neural network and attention mechanism was used to directly select part sentences related to the
coarse aspect from the long text. Next, the related sentences were associated with others in order, and after combining with
fine aspects, the sentences were input into the BERT-Pair-ATT, which is with the attention layer added to the BERT, for
feature extraction. Finally, the sentiment classification was performed by using Softmax. Compared with the classical
Convolutional Neural Network (CNN) based models such as Gated Convolutional network with Aspect Embedding (GCAE)
and LSTM based model Interactive Attention Network (IAN), the proposed algorithm improves the related evaluation index
by 3.66% and 4.59% respectively on the validation set, and improves the evaluation index by 0.58% compared with
original BERT. Results show that the algorithm based on text filtering and improved BERT has great value in the aspect-level
sentiment analysis task of long text.
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Fig. 1 Framework of proposed algorithm
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Tab. 5 Experimental results comparison of different models

A F1/%
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o CRTS! }

FoRik - KRR W B B FU%
GCAE 94.97 61.77 23.63 81.06 65.36
ATAE-LSTM 94.76 58.94 19.30 79.59 63.15

Word2Vec
IAN 94.84 60.37 22.83 79.67 64.43
AOA-LSTM 94.92 61.20 21.96 80.81 64.72
BERT-Single 95.30 61.34 17.67 82.87 64.30
BERT-Pair 95.30 68.63 27.17 82.67 68.44

BERT BERT-Pair-ATT 95.38 68.88 27.58 83.00 68.71
TFN+BERT-Pair 95.44 68.96 26.98 83.03 68. 60
TFN+BERT-Pair-ATT 95.42 69. 32 28. 14 83.19 69. 02
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