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Distant Supervised Relation Extraction Based on Densely Connected Convolutional Networks
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Abstract Densely connected convolutional networks (DenseNet) is a new architecture of deep convolutional neural network. By
using identity mapping for shortcut connections between different layers,it can ensure the maximum information transmission of
neural network. In the distant supervised relation extraction task, precious models use shallow convolution neural networks to ex-
tract features of a sentence which can only represent partial semantic information. To enhance the representation power of net-
work.a deep convolutional neural network model based on dense connectivity was designed to encode sentences. The proposed
model consists of five layers of densely connected convolutional neural networks. It can capture more semantic information by
combining different levels of lexical,syntactic,and semantic features. At the same time,it can alleviate the phenomenon of gradi-
ent disappearance of deep neural network, which makes the network more capable of characterizing natural language. The experi-
mental results on NYT-Freebase datasets show that the mean accuracy of the proposed model achieves 82. 5% ,and the PR curve
area achieves 0. 43. Experimental results show that the proposed model can effectively utilize features and improve the accuracy of
distant supervised relation extraction.
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Table 1 Example of NYT-Freebase dataset
Entity Aid/Bid  Entity A/B Relation Sentence
m. Okfzb/ akihito/ . thé prmc.esﬁ is the wife of
. o /children  prince_akishino, the second son
m. 068963 prince_akishino .
of emperor akihito.
) the land is near calgary; while
m. 0j95/ alberta/ X . gary
/capital that is one of alberta’s largest
m. Onlh7 edmonton

cities, the capital is edmonton.
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Table 2 Hyperparameter settings
Hyperparameter value
Word dimension d, 50
Position dimension d, 5
Convolution kernel size A 3
Number filters m 64
Initial Learning Rate 3 0.001
Batch size B 64
Dropout probability D 0.5

L2 regularization A2 0.0001
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Table 3 Efficiency comparison of DenseCNN with different layers
Models Train timeAper Test Time/ Num params Params memory/
epoch/min min MB
DenseCNN-4 2.54 1. 80 416107 1.59
DenseCNN-5 4.47 2.25 1610859 6. 14
DenseCNN-6 9. 88 3.09 6359659 24.26
DenseCNN-7 29.76 7.31 25294443 96. 49
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Table 4 Comparison of P@N of DenSeCNN with other baselines
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P@N 100 200 300 Mean
CNN-+ATT 73.2 65.1 64.3 67.2
PCNN+ATT 80.0 74.2 66.8 74.0
BLSTM+ATT  76.0 72.5 67.7 72.1
ResCNN-9 82.0 73.0 70.7 75.2
DenseCNN 86.0 82.5 79.0 82.5
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