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Relation extraction method based on dynamic label

XUE Lu, SONG Wei"
(School of Internet of Things Engineering, Jiangnan University, Wuxi Jiangsu 214122, China)

Abstract: Concerning the problem that the research methods of relation extraction for distant supervision datasets have a
lot of label noise, a dynamic label method applied to the hierarchical attention mechanism relation extraction model was
proposed. Firstly, a concept of generating dynamic label based on the similarity of relation categories was proposed. Since
the same relation labels contain similar feature information, calculating the similarity of relation categories of feature
information is helpful to generate the dynamic label corresponding to the feature information. Secondly, the scoring function
of the dynamic label was used to evaluate whether the distant supervision label was noise and to determine whether a new
label was needed to generate to replace the distant supervision label, and the influence of label noise on the model was
suppressed by adjusting the distant supervision label. Finally, according to the dynamic label, the hierarchical attention
mechanism was updated to focus on the effective instances, the importance of each effective instance was relearned and key
relation feature information was further extracted. The experimental results indicate that, compared with the original
hierarchical attention mechanism relation extraction model, the proposed method has the Micro and Macro scores increased
by 1.3 percentage points and 1.9 percentage points respectively, realizes the dynamic correction of the noise label, and
improves the relation extraction ability of the model.
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Ernst Haefliger died on Saturday in Daves.
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Tab. 2  Precisions of different models under different recalls
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0.3 51.6 53.5 56.8  56.8  58.5 62. 1
o 59.9 62.8 66.3 63. 1 69. 1 70.0
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Tab. 3 Mean values of Micro and Macro unit: %
LAY Micro ~ Macro TR Micro Macro

PCNN+ATT 38.0 15.1
CNN+HATT  41.7 16. 5
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