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Sensitive Text Recognition Based on Deep Bidirectional LSTM and
MultiHeadA ttention

7ZHU Dingju, DENG Renfeng, WU Chao
(School of Artificial Intelligence , South China Normal University, Foshan 528000, China)

Abstract: With the development of the Internet and the expansion of the scale of netizens, online information is easily disseminated, but the
sensitive information mixed with it will harm the harmony of the network society, especially affect the values of younger netizens. Therefore, it
is very important to automatically monitor and identify sensitive information. Based on the LSTM model, the BiLSTM model logic and attention
mechanism, this paper proposes a sensitive text recognition method DBLSTM_MultiHeadAttention based on deep bidirectional LSTM and Mul-
tiHeadAttention, and takes Sina Weibo as the data source. After LDA model screening and translation enhancement, 33 452 high—quality data
were obtained for training, verification and testing. The experimental results show that the accuracy rate of the model is 90.79%, the accuracy
rate is 93.37%, the recall rate is 94.21%, the F1 value is 0.937 9, and the comprehensive performance is better than other models. This re-
search provides strong technical support for Internet information supervision.
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Fig.3 Accuracy of different models in validation sets
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Fig. 4 The loss values of different models in validation sets
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Table 2 Evaluation result of models
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T WEWR SR BREE FIUE
LSTM 0.8939 09303 09254 0.9279
BiLSTM 0.8948 09308 09263 09285

TextCNN 09026 09260 09433 0.9346

GRU 0.8933 09268 09287 0.9277

DBLSTM_GRU 0.8945 09315 0925 0.9282

Transformer 0.8972 09314 09291 0.9302

GCN_Transformer 0.8790 09191 09165 09178

DBLSTM_Transformer 0.8900 0.9200 09319 0.9259

DBLSTM_AdditiveAttention 0.8966 09317 09279 0.9298

DBLSTM_Hierarchical Attention 0.8374 0.8574 0.9352 0.8946

DBLSTM_MultiHeadAttention(our) 09079 09337 09421 09379
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Table 3 Comparison of different learning rate results
£33 AREFIRERIE
LR MR ROE  fm P
le-1 0.854 8 0.891 1 09149 0.902 8
le=2 0.854 8 0.891 1 09149 0.902 8
le-3(our) 0.907 9 0.9337 0.942 1 0.9379
le-4 0.894 2 0.9297 0.9267 0.928 2
le=5 0.890 0 09183 0.9340 0.926 1
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Table 4 Comparison of different regularization method results

R4 AREMUFTEERXTLL

TENAE T ETES RS (EICES FI{H
L1 0.898 1 0.9318 0.9299 0.9308

12 0.903 5 0.936 2 0.9327 0.934 4
L1_L2 0.904 7 0.934 5 0.936 4 0.935 4
Dropout(our) 0.907 9 0.9337 0.942 1 0.9379
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Table 5 Results of ablation experiments

RS HMEWLER
i HEfR KERR BEE FIE
DBLSTM 0.8990 09376 09246 0.9310
BiLSTM_MultiHead Attention 09026 09347 09331 09339
DBLSTM_ MultiHeadAttention(our) 09079 09337 0.9421 0.9379
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