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Entity Relation Extraction Method in Weapon Field Based on DCNN and GLU
LI Han',HOU Shoulu' , TONG Qiang"* ,CHEN Tongtong’, YANG Qimin' and LIU Xiulei'**

1 Laboratory of Data Science and Information Studies,Beijing Information Science and Technology University, Beijing 100101, China
2 Beijing Advanced Innovation Center for Materials Genome Engineering, Beijing Information Science and Technology University, Beijing 100101,
China

3 Beijing Institute of Tracking and Telecommunications Technology,Beijing 100094, China

Abstract Unstructured text data in the field of weapons is usually very complex. In a single sentence,one weapon may be associ-
ated with multiple weapons or there may be multiple relations between two weapons. An entity relation extraction method based
on dilated convolutional neural network and gated linear unit is proposed to solve the problem of overlapping relation in this type
of data. This method introduces the sentence coding vector into the dilated convolutional neural network model with gated linear
unit, which combines word vector and position vector. And it introduces the self-attention mechanism to extract the feature infor-
mation of entities in sentences quickly. Through hierarchical sequence annotation, this model identifies all entities in the sentence
and all relations and object entities corresponding to each subject entity,and generates the entity relation triplet in the field of
weapons. The F1 value of this method on the self-labeled weapon field data set is 81. 1% ,and it has a certain entity relation ex-
traction ability.according to the experimental results. The F1 value for various overlap types is greater than 78% , which solves
the problem of unstructured data relation overlap. At the same time,it performs admirably on the NYT public data set.

Keywords Relation extraction,Overlapping relation, Dilated convolutional neural network,Gated linear unit
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Fig. 1 Structure of entity relation extraction model based on DCNN and GLU
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Table 1 Distribution of sentences with overlapping relation on

weapon field datase

Number of sentences

Overlapping types

train test

Normal 737 85
EPO 38 6

SEO 2447 312

Total sentences 3200 400
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Table 3
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Table 4 Experimental results of different models on weapon field

data sets
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Model Precision Recall F1
CopyRE(MultiDecoder) 10.2 23.4 29.6
GraphRel(2P) 43.5 32.1 36.9
CASREL 81.9 76.2 78.9
DCNN_GLU_Joint 82.7 79.5 81.1
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Table 5 Experimental results of model in different overlapping types

of weapon field dataset

CA7 0D
Overlapping types Precision Recall F1
Normal 77.4 80.2 78.8
EPO 85.8 77.9 81.7
SEO 82.1 79.8 80.9
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Table 6 Experimental results of different models on NYT dataset
CHLRT 2 %)
Model Precision Recall F1

CopyRE(MultiDecoder) ! 61.0 56.6 58.7
GraphRel(2P) (28] 63.9 60.0 61.9
CASREL] 89.7 89.5 89.6
DCNN_GLU_Joint 86.2 85.7 85.9
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