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Relation Extraction Method Based on Entity Interaction and Position Encoding

LI Xiao-Yan, ZHANG De-Ping

(College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)

Abstract: As an important research program in the field of information extraction, relation extraction is mainly aimed at
extracting semantic relations between labeled entity pairs in sentences, which plays an important role in sentence semantic
understanding and knowledge base construction. The existing extraction methods fail to make'full use of the word
position information and the interaction information between entities, which leads to the loss of éffective features in
relation extraction. To solve this problem, this study proposes a relation extrz'iction method BPI-BERT based on the
interaction information between position encoding and entities. The novel position coding is integrated into the word
vector generated by the BERT pre-trained language model, and the éntity and sentence vectors are obtained through the
average pooling technology. The Hadamard product is used to construct the entity interaction information. Finally, the
entity vector, sentence vector, and mterac‘uon information vector are stitched together to obtain the relation vector which
is then input to the Softmax class1ﬁer for relation classification. The experimental results show that the precision and F'1
of BPI-BERT are significantly improved compared with those of the existing methods, and thus the effectiveness of BPI-
BERT is proved.

Key words: position encoding; entity interaction; pre-trained language model; relation extraction; supervised learning;

deep learning; feature fusion
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3.1 BIRESTNIRE

AAT 454 F ) SemEval-2010 Task 8 ¥4k, et
10717 H15 (Hh 8000 20 Tk, 2717 T
), RAKHMEERZ 19, b 9 Pk RABBRA )
1, 1 AR BRI R T 9 A 17158 R HAR R R 2K
B3X 9 FRA IR B 28 R R 43 751:\ Cause-Effect,
Component-Whole, Content-dpnhtainer, Entity-
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Collection, Message-Topic fi! Product-Producer, H At 5
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TRV R T B S ST R A KA,
TS0 TR IS R AT LAy B BA R 4 e TP (true
positive), 18 1@ FE A% IE 61 B A% WA IEG]; FP (false
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R= (11)
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2-P-R
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Uit (PRG0N 38 AN — 52 g IE A Hh 7 850 R 70 SR I 1 e,
T A HL S AR B 2, — ORI, SRR I A (B
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¥ FH A S, N F BRI TR bR
32 XWBHRE
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BERT Il 25156 & B8, JZ 8002 12, Bl m) & (1 4E 1 /2
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x1BHEBH

former A 4aid a4, i I M8 B B T 2R 4550 1 I R
18 SUFRIE; Entity Attention Bi-LSTM LA Bi-LSTM N
Pt &, F R VE R P IE G & W] &, Att-Pooling-
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15 FH 1R 9t B 25 J2 CNINL A 7V 2 22 7 2 ) 25 Y
B MBI SRS AR BR [ 5iX 57 vk
ITXTEE. BIRTRISAE [F]— SLRR P R ag AT, A Ml
SIS R 5 F S SO —EU B I, 5 H Al )
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# 3 3PN E e R
fic B P Fl1
H2% (baseline) 0.8432 0.8799
N mbE S R 0.8498 0.8835
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Parameters Values .
Layers of BERT g ¥12
Hidden size g ! 768
Conversed pos dim 30
Optimizer ‘ Adam
Learning rate 2E-5
Batch size 8
Dropout rate 0.1
Batch size
Epoch 10

3.3 LIHEERSH

N T URAIEAS SCHTHR 5k B R, K AR ST TR
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IEERFEE.
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B LG AR SO 4 77 1 1O 28 N R A T T A
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# 4  BPI-BERT 7E &K R VAN 455 (%)

KA P R Fl1

Cause-Effect 91.62 93.29 92.45
Component-Whole 84.24 83.97 84.11
Content-Container 87.37 90.10 88.72
Entity-Destination 92.33 94.86 93.58

Entity-Origin 88.03 88.37 88.20
Instrument-Agency 82.78 80.13 81.43
Member-Collection 86.38 87.12 86.75

Message-Topic 86.16 95.40 90.55
Product-Producer 85.00 88.31 86.62
Other 69.25 61.01 64.87
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P AN 187 0] R AF 78 At

4 b EE
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