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A Context-Fusion Method for Entity Extraction Based on
Residual Gated Convolution Neural Network
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Abstract Due to the convolutional receptive field size, the current word has a limited relevance to the context. It
brings about a problem, that is, the semantics of the entity words in the whole sentence is under-considered. The
Residual Gated Convolution Neural Network (RGCNN) uses dilated convolution and residual gated linear units to
simultaneously consider the associations between words from different dimensions, which adjusts the amount of
information flowing to the next layer of neurons. And then by this way the vanishing gradient can be alleviated in
cross-layer propagation. At the same time, RGCNN combines the attention mechanism to calculate the semantics
between words in the last layer. The results on datasets show that RGCNN has a competitive advantage in speed

and accuracy, which reflects the superiority and robustness of the algorithm.
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Table 1 Details of datasets
B2 R By VRS BIF4E MR
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MSRA F1F 2169.9k 172.6k 172.6k
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IR EFR FIF 2155.1k 208.4k 208.4k
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RO SCHEPE AR, SRHUNER H HAL S 8 3 TG x2 HESY
IﬁQ}EF 2 WJ%’ BI—LSTM[” P &%?ﬁﬁj\?&*@ Elg IDCNN Table 2 Model parameters
BB GRN B Jy xf v S 8] P of e - m
Wi R IS P ARl bE A 545, 4 0% Kemelsize ’
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A AT =2 AN N4 S AN
B 215 J7 AN IR 1700 24 jz*ﬁqjﬁﬁlljﬁéél Loarning rate 0.001
Hi27), FHOCE R SE R ULIA WL 1, Pr T SR 4R R Dropout 0.5
A BIO#prvERER . SZERFREE A Ubuntul8.04 #:4E R Sl Batch size 128
4t, 1080t 4, 64G NAE, HARSHUNE 2 k. Epoch 400
3.2 1:%9;! 5 1 ﬁl\ Position embedding 128
3.2.1 #EELNEE RS Character embedding 128
Context embedding 256
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Table 3 Model calculation efficiency

H5i B AERT /ms PI% RI% F1/%
Bi-LSTM 199 85.6 84.6 85.1
IDCNN 82.4 87.1 86.5 86.8
GRN 163.1 91.1 88.7 89.9
RGCNN 1242 91.9 90.5 91.2
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Table 4 Effect of different attentions to RGCNN

MSRA i AR
IR
P/% RI% F1/% P/% RI% F1/%
RGCNN 88.3 86.9 87.6 75.8 77.4 76.6
RGCNN +Self-attention 93.0 90.8 91.9 76.3 78.1 77.2
RGCNN +Multi-attention 93.9 91.5 92.7 76.6 79.6 78.1

B HER R HR T A 2, I A R R34
SEURAERR AR AR /N T A B2, ATRRE TR A
PHEE b 42 SEAR B S b, B LA B A (el
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W, TEiH3E A R A& S0, AT LAI7E RGCNN (1
FEhib L3 43 B3 context embedding Al attention A
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Table 5 Effect of adding different word embeddings to RGCNN

MSRA I E R
R

P/% RI% F1/% P/% R/% F1/%
RGCNN 88.3 86.9 87.6 75.8 77.4 76.6
RGCNN-+character embedding 90.8 85.4 88.1 76.1 78.3 77.2
RGCNN-+position embedding 90.2 87.4 88.8 71.7 79.5 78.6
RGCNN+context embedding 93.4 90.4 91.9 79.3 81.1 80.2
RGCNN +Bert 92.9 91.5 92.2 79.8 82.8 81.3

1P position embedding ¥4 i 2% CHR[27], Bert 8 {di F chinese L-12 H-768 A-12 hiA .
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