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Research on Microblog Entity Recognition Based on Self-Attention Deep Learning

XU Xiao, ZHU Yanhui, JI Xiangbing
( College of Computer, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: Named Entity Recognition (NER) is an important basis for natural language processing. With the rapid
development of neural networks, various methods of deep learning have been pervasively applied to text processing.
By introducing the self-attention mechanism, as well as combined with deep learning method, a self-attention-based
bidirectional long-term and short-term memory conditional random field (SelfAtt—-BiLSTM—CRF) method has been
proposed to identify entities in microblogs. By utilizing the self-attention mechanism to obtain the dependency between
words, this method helps to further improve the recognition ability of the model. Experiments show that the method
proposed in this paper has achieved a satisfying recognition effect.
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Fig. 1  SelfAtt-BiLSTM-CRF neural networks model
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Table 2 Software and hardware experimental environment
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Table 4 Comparison of experimental results with or without

character level vectors %
RS P R F
i) ] £ 62.73 63.44 63.08
i)l + T 73.76 68.67 71.12

SRR, A mEL T, PO R FIE
BIf W3R Tt, FIEEET T 8.04%, HIUILISAI, 7E
SCAS IS Z NGB, A ] R ) TR
A, RelsdRm AL i Sk

TE Self-Attention JZ 77, XA [\] (1 W S R B gk £ 7
S, AREINE 4 ORISR EE R . SERRY, Mt
SR h Ry 5 EE, SRR R

—— I
—-P;
—A—R

1 P 5 10 20 25
LSt R Eeh
& 4 Self-Attention A [EBREHR B T RIS L5 RXTEE

Fig. 4 Comparison of experimental results under different

mapping times in Self-Attention layer
332 sFheEBL AT
T BRI A R, AR [R) 1 2R
FOMIEEL, 43 5%F CRF, BILSTM, BIiLSTM-CRF



52 (71 N DR AN N S S 14

2019 4F

1 SelfAtt-BiLSTM~-CRF F ikl 15555, % 5 44
H T 4 B PRI RICR DA S AR AR AR U 2R
]

RS AREAAENEIEERITEE

Table 5 Comparison of experimental results of different methods
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