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Abstract ; Nowadays , posting comments on social networks has become one of the main means for the public to express their attitudes and
standpoints on social events. Accurately identifying the sentiment orientation of social texts is of great value for public opinions control
social stability maintenance,etc. Since the traditional sentiment recognition models only focus on mining surface semantic on comments,
there are some problems such as poor classification effect and limited generalization ability. Aiming at these problems, we propose a deep
sentiment semantic recognition model based on BERT-BiGRU multi—model ensemble learning. Firstly,the contextual semantic feature
representation of the comment text is obtained through the BERT pre—training model, and then BiGRU is combined to extract the deep
nonlinear feature vectors to achieve the optimal sentiment recognition results under the single model. Next,in order to make the effect of
the model stable and achieve balanced performance in many aspects,several differentiated emotion classifiers with excellent performance
are trained based on the BERT series pre—training model. Finally,the ensemble learning method of data disturbance and voting strategy is
used to achieve the full integration of the deep features of each model. The experimental results on two public datasets (COV19 and
ChnSenti) show that the model proposed has better sentiment recognition effects than other traditional models.
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A Positive Neutral Negative Total
COV19-train 22 874 51 761 15 285 89 920
COV19-test 5 858 2518 1617 9993

ChnSenti—train 5178 / 5 168 10 346
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FIR SRR B E TR X, PR BiGRU BERY4Z 48 SCAS T
W IRZE SUE B 15 2R &0 1 B A 45 81

k2 S$ABAECOVI9 Loy Rt R

model Precision Recall F1
TextCNN 0.623 0.652 0.634
BiGRU 0.673 0.651 0.661
BiGRU-ATT 0.662 0.668 0.664
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WA, i BERT 54 A BiGRU 892 85 IUAS T
A 23R UL AE BERT 4% b fin A BiGRU
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model HSHE Precision Recall F1

BERT(M1) batchsize :32 , maxlen ;128 0.716 0.719 0.717
BERT(M2) batchsize : 16 , maxlen ; 140 0.724 0.731 0.724
BERT—wwm—ext( M3 ) batchsize :32 , maxlen ; 128 0.715 0.726 0.720
BERT-BiLSTM ( M4 ) batchsize : 16 , maxlen ; 140 0.716 0.739 0.725
BERT-BiLSTM( M5) batchsize :48 , maxlen ; 140 0.721 0.734 0.727
BERT-BiGRU( M6) batchsize ; 16 , maxlen ; 140 0.721 0.737 0.728
BERT-BiGRU(M7) batchsize :48 , maxlen ; 140 0.724 0.736 0.729
BERT-BiGRU( M8) batchsize ;64 , maxlen ; 128 0.719 0.733 0.726
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