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Abstract Aiming at the lack of the ability of simple neural networks to capture the contextual semantics of texts and extract im-
portant information in texts,a sentiment analysis model FFA-BIAGRU is proposed, which integrates attention mechanism and
GRU. First, we pre-process the text and vectorize the words through GloVe to reduce the vector space dimension. Then, through
a hybrid model that fuses the attention mechanism with the update gate of the gating unit.it can extract important information in
the text features. Finally.the text features are further extracted through the forced forward attention mechanism.,and then classi-

fied by the softmax classifier. Experiments on public data sets show that the algorithm can effectively improve the sentiment ana-

lysis performance.
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Fig. 1 GRU structure model diagram
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Fig. 2 BiGRU structure model diagram
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Fig. 3 FFA-BIAGRU sentiment analysis model
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Fig. 4 FFA-BIAGRU model structure
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Table 1 Model parameter setting table
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it %k H # binary_crossentropy
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optimizer SGD
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Table 2 Sentiment analysis results of each model

Models accuracy recall F1
BILSTM-Attentions 0.8836 0.8804 0.8864
GloVe-GRU 0.8496 0.8389 0.8481
BiGRU-Attention 0.8923 0.8921 0.8924
BiLSTM-Attention 0.8648 0.8690 0.8654
FFA-BIAGRU 0.9012 0.8988 0.9011

= accuracy w recall w F1
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Fig. 6 Comparison of various model results
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Table 3 Data set structure table
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Fig. 7 Comparison of various model results
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