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Table 1

Statistics of datasets
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NF Relation types Number of Number of
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1 #./1ocation/location/conf 75 967 2 793
tains

9 fy/people/person/nationalf 11 445 793

3 # /location/country/capital 11 216 553

4 # /people/person/place_ 9 829 450
lived

5 # /business/person/com- 7 987 302
pany
# /location/neighborhood/

6 neighborhood_of 9471 68

7 # /people/person/place _of 4 264 162
_birth

3 # /people/person/place _ of 2 541 63
_death

9 # /business/company/ 1061 95
founders

10 # /people/person/children 677 30
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Table 2 High frequency patterns
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# /business/person/company

# /location/neighborhood/
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# /people/person/place _ of _

birth

# /people/person/place _ of _

death

# /business/company/found-
ers

# /people/person/children

the chairman of, chief executive
of,a co-founder of, -+

attorney general, chief executive
of , the president of,

the capital of, the streets of, the
capital of,+++

region of, in southern, neighbor-
hood of -+

the chief executive of, secretary
general, the chairman of, «-

birds of America, including, the
former president of, -+

daughter of, a son of, was born
in, e

the former prime minister of,

a democrat from,the governor of,
governor,

son of ,daughter of ,father of, -+
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Performance comparison of PRL on NYT dataset
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Fig. 6 Comparison of PR curves of three datasets in PC-
NN + ONE model
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Performance comparison of PRL on NYT dataset
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Fig. 7 Comparison of PR curves of three datasets in CNN +
ATT model

Performance comparison of PRL on NYT dataset
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Table 3 Experimental results

Comparison of PR curves of three datasets in

1\%3{1 Origin_data RL_data PRL_data
CNN+ATT 0. 204 0.218 0.220
PCNN + ONE 0.212 0.223 0.228
PCNN+ ATT 0.218 0.226 0.235

Note: Bolded values represent the best result
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DS Data Denoising Model Based on Relation Pattern and Deep
Reinforcement Learning

YA Shanshan' ,CHEN Dingjia' ,ZHENG Hongchun',LI Hang”" ", QIN Xiao'

(1. Guangxi Key Laboratory of Human Computer Interaction and Intelligent Decision Making, Nanning Normal University, Nan-

ning , Guangxi, 530100, China;2. School of Artificial Intelligence, Guangxi Minzu University, Nanning, Guangxi, 530006, China)

Abstract: There are a large number of mislabeled data in the Distant Supervision (DS) dataset. The existing
denoising methods of DS dataset usually only consider denoising the data with labels,and do not make full
use of the unlabeled data,resulting in poor denoising effect. In this article,a new DS data denoising model —
Pattern Reinforcement Learning Model (PRL model) is proposed. Firstly, the positive sample extraction algo-
rithm based on relational pattern is used to extract high-quality labeled data in DS dataset. Then use Filter-
net as a classifier to extract high-quality unlabeled data from DS dataset. Finally, high-quality labeled data and
unlabeled data are used as the training dataset of the deep Reinforcement Learning (RL) method to obtain a
remote supervision dataset with better denoising effect. The PRL model is applied to the New York Times
(NYT) dataset,and the denoised dataset is used to train PCNN + ONE,CNN + ATT,PCNN + ATT three
models. The experimental results show that the performance of these models is improved after the dataset is
denoised by PRL model. Therefore,the PRL model is a lightweight data denoising model that can improve the
performance of deep neural network-based models.

Key words: natural language processing; relation classification; distant supervision; strengthen learning; de-

noising method
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