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Sentence-level distant supervision relation extraction based on
self-adaptive loss function

HU Feng, YANG Xinrui, TANG Chengfu, DENG Weibin, LIU Qun

(Chongqing Key Laboratory of Computational Intelligence, Chongqing University of Posts and Telecommunications, Chongqing
400065, China)

Abstract: Distant supervision relation extraction is a kind of relation extraction method. The existing methods, which
mainly employ multi-instance learning and relation extraction, are conducted in the sample bag that contains the same
entity pair. However, the bag-level method can only alleviate but cannot completely solve the problem of wrong la-
beling. Therefore, herein, the distribution of clean data and noise data is analyzed, proposing a new self-adaptive loss
function. On this basis, a method for sentence-level distant supervision relation extraction based on self-adaptive loss
function is given. The experimental results obtained on the public dataset NYT-10 and the TACRED-based synthetic
dataset show that the proposed method is better than that given in the compared studies. It can distinguish the wrongly
labeled noise samples from the clean samples more effectively, improving the accuracy of sentence-level distant super-
vision relation extraction.

Keywords: natural language processing; information extraction; relation extraction; distant supervision; noise separa-

tion; noise label; negative training; self-adaptive loss function
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Fig.7 Comparison of noise reduction performance of each
iteration model
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Table4 P@LastN accuracy comparison %
Ik 500 1000 2000  H
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Fig. 9 Curve of denoising result with fixed threshold
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Table 5 Comparison of denoise effect with fixed thres-
hold %
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SENT(PCNN) 71.92
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Fig. 10 Curve of noise separation rate
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Table 6 Comparison of noise separation rate %
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