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Chinese emergency event extraction method based on
named entity recognition task feedback enhancement

WU Guoliang, XU Jining’
(School of Electrical and Control Engineering, North China University of Technology, Beijing 100144, China)

Abstract: Aiming at the problem that the Bidirectional Long Short-Term Memory network-Conditional Random Field
(BiLSTM-CRF) based event extraction model can only obtain the semantic information of character granularity, and the
upper limit of the model is low due to the low dimensionality of learnable features, a Chinese emergency event extraction
method based on named entity recognition task feedback enhancement was proposed by taking the Chinese public emergency
event data in open field as the research object, namely FeedBack-Lattice-Bidirectional Long Short-Term Memory network-
Conditional Random Field (FB-Latiice-BiLSTM-CRF). Firstly, the Lattice mechanism was integrated with Bidirectional
Long Short-Term Memory network (BiLSTM) as the sharing layer of the model to obtain the semantic features of words in
sentences. Secondly, the named entity recognition auxiliary task was added to jointly learn and mine entity semantic
information. At the same time, the output of the named entity recognition task was fed back to the input end, and the word
segmentation results corresponding to the entities were extracted as the external input of the Lattice mechanism, so as to
reduce the computing overhead brought by the large number of self-formed words of the mechanism and further enhance the
extraction of entity semantic features. Finally, the total loss of the model was calculated by the maximum Gaussian likelihood
estimation method to maximize the homoscedasticity uncertainty, so as to solve the problem of loss imbalance caused by
multi-task joint learning. Experimental results show that FB-Latiice-BiLSTM-CRF has the accuracy of 81. 25%, the recall of
76.50%, and the F1 value of 78. 80% on the test set, which are 7. 63, 4. 41 and 5. 95 percentage points higher than those of
the benchmark model, respectively, verifying the effectiveness of the improvement performing to the benchmark model.
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Bidirectional Long Short-Term Memory network (Lattice-BiLSTM); loss balance
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Tab. 1 Labeling event extraction and named entity identification on

location information
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Tab. 2 Experimental parameter setting
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Fig. 5 Single iteration training process of FB-Latiice-BiLSTM-CRF
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Tab. 3 Result evaluation of four event extraction models on test set

unit: %
sl P R F,
BiLSTM-CRF ( ¥4T:55) 73.62  72.09  72.85
BiLSTM-CRF(£4F:4%5) 76.93  73.06  74.95
BiLSTM-CRF (ZAT: 55 +Lattice HLili]) ~ 78.89  73.94  76.33
FB-Latiice-BiLSTM-CRF 81.25 76.50 78.80

FB-Latiice-BiLSTM-CRF #5 B pi K¢ iy 1 45 5% 5 5 2] i
A SRy T A S 2 RO ) SR BT Ty
A4 SARPUIAE 55 MY T IR SUABE T, X SsiAT 55 i )l
i AR R I R AR R Y S A OSSO B A AR R o
BAFESUESE [ PN AR i 6 iR
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Fig. 6 FI1 value during model training on verification set

4 L

b=

B XI BILSTM-CRF B AL 7E P 309 A PR U T 55 LT 27
> T SRR 24 B2 AR A 1 R, AR SO 1 i 30 i ) e A A
FB-Latiice-BiLSTM-CRF . ZA5 A3 i 3 il iy 44 SC AR PUAIAT: 55
i 3 SLASEAIL R AN Lattice ML, 158 1 fie KAL) 7 28 AT <€ TE AY
R TSR A A 05 1 P A A4 5 B R B s T R RN dRl i
FNTLATE SCRFE R 27 2T RE T o X L SRR WY, itk J= A A A
TEER A A 014 F1E B XA W R AR T, Rl 3 iy 1 e Y
b ACBIOR E o TR0 T T RN B R e ] J2 A TR
DRI st Al 7 8 T H At 6 1T LSTM = 17] 4% 46 2R 50 5C (Gate
Recurrent Unit, GRU) P45 2 JiCJ2 I 45 (1935 5 A0 o, 3] n b
v 3= 1 HL A B9 BiLSTM-At-CRF (Bidirectional Long Short-
Term Memory network-Attention-Conditional Random Field) 5
B, LA BILSTM /12 Encoder Y Seq2Seq 1545 , Fii)I| 2R it 5 46 Y
ELMo(Embeddings from Language Models )% .

AR SO BOREIY phy T A7 R RS ILAR 8 3 5 i
PEATRERIYI RIS, 2 2% BE AT BT 4 i85 5 Be b, AN v 2 AT 55 4
1l ZR K B I ik kX BT ST, H AT R AR/ NE I E
BT TR AL . A A B XX P Ty 1) Al — AR5
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