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Abstract : In order to improve the performance of Weibo’s sentiment analysis, the recurrent neural network in the deep
learning algorithm is used for sentiment classification,and the attention mechanism is used to select and weight the word
features ,so as to enhance the classification accuracy of the recurrent neural network. First,the Weibo corpus is denoised,
segmented and vectorized to form an initial sample of Weibo. Then, the Weibo classification model of recurrent neural
network is constructed ,and the word feature vector is obtained through the node circulation of hidden layer and the output
of hidden layer at historical moment and current moment. Then, the attention mechanism is used to calculate the
similarity of word features and select weights to construct sentence features,and the classification results are obtained by
Softmax function. Finally,the reliability of the proposed method is verified by the Weibo emotion classification simulation
test. Experimental results show that, compared with the commonly used Weibo emotion classification algorithm, the
proposed method shows higher classification performance under different word vector size samples by setting the attention
mechanism window size reasonably.
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Fig.1 RNN cycle structure
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Fig. 2 Weibo’s emotional analysis process
based on RNN-AM

0.930

0.925
0920
E 0915
=

0.910

0.905

0.900 ! ! )
MicroblogPCU NLPCC2013 COAE2014  SMP2014

3 FARAEEMRETH RRN-AM 5 EERHE
Fig. 3 Accuracy of RNN-AM classification under

different word vector scales

B I 2R e M . R 1) %F e, RNN-AM 3555 7E MicroblogPCU 1970 28 MW R e fd:, JE I 20 [ 0.925,

0.93 ], MESP R UER R AR A SMP2014 SEW7E 0.9 LI |,

®2 AREAFFERENEEEM F1E

Table 2 Recall rate and F1 value of different word feature scales

iR TRl B A R F1 {8 RS TR B A R F1 14

10 0.915 5 0.911 6 10 0.9112 0.901 2

. 20 0.914 7 0.912 1 . 20 0.909 8 0.904 4
MicroblogPCU 30 0.914 4 0.915 3 NLPCC2 013 30 0.907 5 0.092 9
40 0.9122 0.904 7 40 0.906 7 0.900 5

10 0.905 9 0.899 6 10 0.901 3 0.891 9

20 0.905 3 0.902 7 20 0.900 2 0.898 1

COAE2 014 30 0.903 1 0.901 4 SMP2 014 30 0.896 8 0.896 3
40 0.901 2 0.896 7 40 0.882 1 0.873 3
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Table 3 Classification performance corresponding to different attention windows

VG o /% e R Syt s Kot g /% WET R Syt s

20 0.8372 1.337 20 0.8264 1.315

40 0.8961 2.235 40 0.8897 2.469

MicroblogPCU 60 0.9043 3.482 NLPC(2013 60 0.9001 3.622
80 0.9218 4.239 80 0.9198 4.831

100 0.9297 6.538 100 0.9258 6.796

20 0.8276 1.403 20 0.8091 1.662

40 0.8933 2.560 40 0.8324 2.724

COAE2014 60 0.9024 3.588 SMP2014 60 0.8652 3.679
80 0.9205 4715 80 0.8995 4912

100 0.9267 6.593 100 0.9071 6.816
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Table 4 Recall rate of RNN and RNN-AM and F1

g Bk FEAmp: F1 18 A ETE S Bk FEAmp: F114

. RNN 0.8179 0.8042 RNN 0.8134 0.7953
MicroblogPCU RNN-AM 0.9172 0.9023 NLPCC2013 RNN-AM 0.9125 0.9008
RNN 0.8155 0.8009 X RNN 0.8166 0.7855

COAE2014 RNN-AM 0.9143 0.9011 SMP2014 RNN-AM 0.9075 0.8812
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Table 5 Classification performance of four algorithms for Weibo emotion classification

MicroblogPCU ¥4 4E NLPCC2013 ¥4

RS HigUES U F1 ik HER 5 U F1
SVM 0.8471 0.8223 0.8165 SVM 0.8193 0.7966 0.7847
CN 0.9019 0.8973 0.8905 CN 0.8958 0.8873 0.8758
PSO-LSTM 0.9105 0.9053 0.8926 PSO-LSTM 0.8973 0.8892 0.8743
RNN-AM 0.9297 0.9172 0.9023 RNN-AM 0.9258 0.9125 0.9008

COAE2014 ¥4k SMP2014 $iiii4E

Sk AT ES FEAEES Fl ER7S TR FEAEES Fl
SVM 0.8249 0.8046 0.7927 SVM 0.7925 0.7813 0.7655
CN 0.9020 0.8858 0.8795 CN 0.8873 0.8725 0.8439
PSO-LSTM 0.9093 0.8933 0.8864 PSO-LSTM 0.8902 0.8799 0.8466
RNN-AM 0.9267 0.9143 0.9011 RNN-AM 0.9071 0.9075 0.8812
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