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Method for Entity Relation Extraction Based on Heterogeneous Graph Neural Networks and Text
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2 College of Computer Science, Sichuan University, Chengdu 610065, China

Abstract In the era of information technology,extracting structured information from massive natural language texts has become
a research hotspot. The complex knowledge information in the power system needs to be solved by constructing a knowledge
graph,and entity relation extraction is the upstream information extraction task, whose completeness directly affects the effective-
ness of the knowledge graph. With the continuous development of deep learning, research on using deep learning techniques to
solve entity relation extraction tasks has gradually been carried out and achieved good results. However, there are still problems
such as incomplete application of text semantics. This paper attempts to propose an entity relation extraction method based on
heterogeneous graph neural network and text semantic enhancement to address these issues. This method uses word nodes and re-
lationship nodes to learn semantic features and obtains initial features of the two types of nodes through BRET and pre-training
tasks respectively. It uses a multi-layer graph network structure for iteration and implements the interaction between the two
types of nodes by using multi-head attention mechanism for information transmission in each layer. Through experimental com-
parison with other models on two public datasets, this model achieves the expected effect and generally outperforms other entity
relationship extraction models in various scenarios.

Keywords Deep learning, Natural language processing, Knowledge graph,Entity relation extraction, Heterogeneous graph neural

networks, Text semantic enhancement
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# 1 RIFRE+ (Y EZ K4S
Table 1 Main experimental results of RIFRE+
NYT™ WebNLG * ACE 2003
Methods
Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1
Convolution kernel over .
76.32 62.99 69.02
parse trees
CopyRE 61.0 56.6 58.7 37.7 36.4 37.1
GraphRel 63.9 69.0 61.9 44.7 41.1 42.9
OrderCopyRE 77.9 67.2 72.1 63.3 59.9 61.6
CasRel 89.7 89.5 89.6 93.4 90. 1 91.8
SETFF 91.7 90.8 91.2 92.9 91.9 92.4
RIFRE 93.6 90.5 92.0 93.3 92.0 92.6
Our Model 94. 4 90.7 92.5 94.5 92.4 93.5

EZ R i b B2 B 25 R B 1 75 A 46 ) T A AL o
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SEHA DRI Z X RE UM CHEE. B, 2L EES
TR I T AR B4R T B9 SCAR IR LR A L 45 R 07 1 R AR AT D T
SRR MIRTL,

# 2 RIFRE+ JH e 545 0
Table 2 Ablation study results of RIFRE+

Methods NYT* WebNLG *

Prec. Rec. F1 Prec. Rec. F1

ES & ¥l 94. 4 90. 7 92.5 94.5 92.4 93.5
WA RE 93.2 90. 1 91.6 93.4 91.7 92.6
XAV EEH 93.1 90. 0 91.5 93.2 91.6 92.3
I %X FHN 93.5 89.9 91.7 93.4 91.3 92.4
LkEEA 93.8 90. 4 92.1 93.8 92.1 93.0
EESES 93.3 90. 7 92.0 93.6 92.6 93.1

BEAN R T HRGT I X H AR 3BT 4 H 0 A A AT ST B
R 28 3 B B0 4 v e BEOR [R) 1 = Jo Al A~ 20 OND RO TR 1Y
=JC E AR R (Normal, SEO, EPO) # 47 %1 43, B3 17 X 1L
ST, EE R AN 3 BT A . S B R AR OB AR &2 B
B T ABIUAS T B M g5 R . 7E4% BOR TR = o A 0k 4
rh L AR SCRIR A 4 R A5 0 T AR T SETFF, {H7E /) F
ZICH A B NG L SETFF R E L. 7T 68 /Y J5 N 2 Al
1) & A% SEL 3T 7 1 76 U R XS R B O 7 R i DS

# 3 RIFRE-+{EAR =04 B 8 SB35 A T 1Y F1-Score

Table 3 F1-Score of RIFRE+ on sentences with different overlapping patterns and different numbers of triples
NYT* WebNLG ™

Method
Normal SEO EPO N=1 N=2 N=5 Normal SEO EPO N=1 N=2 N=5
CopyRE 66.0 48.6 55.0 67.1 58.6 30.0 59.2 33.0 36.6 59.2 42.5 30.0
GraphRel 69. 6 51.2 58.2 71.0 61.5 41.1 65.8 38.3 40. 6 66.0 48.3 32.1
OrderCopyRE 71.2 69.4 72.8 71.7 72.6 45.9 65.4 60. 1 67.4 63.4 62.2 55.7
CasRel 87.3 91.4 92.0 88.2 90. 3 83.7 89.4 92.5 94.7 89.3 90. 8 90.9
SETFF 89.1 93.2 93.3 89.0 91.6 91.2 89.2 93.2 94.9 89.7 91.8 92.7
Our Model 91.1 94.2 93.9 90.9 93.4 90.9 90. 1 94.7 95.1 90. 6 93.1 92.5
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