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Entity Relation Extraction Based
on Shortest Dependency Path and BERT

CHEN Ke, CHEN Zhenbin

College of Computer ., Guangdong University of Petrochemical Technology . Maoming Guangdong 525000 . China

Abstract: The deep learning model relies on the single word feature and position feature of the text to a-
chieve good results in the task of text relation extraction. However, in the existing research results, sen-
tence semantics are not fully understood, and the impact of data sparsity and noise propagation on the clas-
sification model is still serious. With the development of attention mechanism and pretraining language
model, Bert (bidirectional encoder representations from transformers) pretraining model provides a better
way to express words and sentences for natural language processing tasks. On the other hand, dependency
parsing is used to extract the shortest dependency path as additional information input to the classification
model to reduce the impact of noisy words on the classification model. The method of this paper is to con-
duct a comparative experiment on Chinese character relationship extraction dataset and semeval2010 task 8
corpus, and the final experimental effect F value can reach 0. 865.
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BERT+ LSTM 0.812 0. 835 0. 823
BERT+BIiLSTM 0. 846 0. 852 0. 837

BERT+ DS-BiLSTM 0. 857 0. 849 0. 852
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KT HEX Semv2010 X RIMENERIHR

T HEH 2R PERCIRES F i
Word2vec+ BiLSTM 0.811 0. 828 0. 819
BERT+LSTM 0.843 0. 850 0. 846
BERT+ BiLSTM 0.867 0. 856 0. 861
BERT-DS—BiLSTM 0. 871 0. 860 0. 865

6 AT LA R WY M A, AE T SO AN G R R S B b AR T SR AR R T I, AR R AR R b
BERT (255 bt Word2vec Fil Il 2455 8 23 AH XT3 4 o B 7 fif FH W) RE 1) 70 2R 8880 BILSTM W oL~ . HEH
RF MR F 3 NSRRI T 5.3% ., 2. 9% M 3.0%. B —J7i, %@ LSTM FI | LSTM 151 8
M FARZE G e bR AT 00T, A — 38T, AR R, 1A S ik DS-BILSTM 25 & K 77 A1 vk 4 M f B
W B R ISR R AAME B G . SEI R 3 MM e b A — e p o . &0 F A AT LA E]GL 0. 852, %)
FHESCHHEAE Semeval-2010 1 5250 ZCR A SCHE R SC B0 AR AR — 20, R S Ui T A SO R

W H KRR )2 BERT B FIRAF 7] 25 43 A 4 T 6 &
088 = HIxXiEH

HIAT 55 10 A SR AT — 3 MR Th . e 74 4 4% 25 ) 0 = EER
A —E G 0.86} —
R R e T DR | =
BTSSR AT I, MBERIHCRAAT . Semv2010 5 w =
FHEN F 580, B S8R RA L. AW 082} =
SRR R IO A TR | 9=
HOF K IH R 0 Semv2010 3kl 5 —J7 i, 1641 ' =
VAT b B SO R ) 56 B ) I S R 078} —
1, 76 b SCiE R b & BB 4 4 T i T 4 i Oy 2 . =
VNE E’F?ﬁl/ﬂ_‘l + f—‘ﬂ He lti X. i}: [a] 550 n] 38 1 A Ak 45 igjz ‘Word2vec-BILSTM BERT+LS"1:M k]fERTwLBiLSTM BERT+DS-BILSTM
G i) S i 4% 5 R 1 3 k. "
DAL S B 25 S RT LA S5 R AT Rk . DAF B 6 3R At EOR XL
(R He ST BN 5 B A PR TR AT L. L U4t SR L 3% 8.
®8 ARAEREBEMAXRMEF &
LAY rhSCTE AL AR WSO RLHEE
APT 0. 588 0.597
SVM 0.693 0. 706
CNN 0. 800 0. 825
CNN-ATT 0. 825 0.813
LSTM 0. 827 0. 852
LSTM-ATT 0. 841 0. 843
BiLSTM-ATT 0. 843 0. 840
Multi-BiLSTM 0. 835 0. 859
DS-BILSTM(Our) 0. 852 0. 865
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