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Generative Adversarial Network based open information extraction
HAN Jiabao, WANG Hongzhi
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] Open Information Extraction ( Open IE) is a core task of Natural Language Processing (NLP). Even many efforts have
been made in this area, and there are still many problems that need to be tackled. Conventional Open IE approaches use a set of
handcrafted patterns to extract relational tuples from the corpus. Meanwhile, many NLP tools are employed in their procedure;
therefore, error propagation is highlighted. To address these problems and inspired by the recent success of Generative Adversarial
Networks (GANs) , the paper employs an adversarial training architecture, named as Adversarial—OIE. In Adversarial-OIE, the
training of the Open IE model is assisted by a discriminator, which is a Convolutional Neural Network ( CNN) model. The goal of
the discriminator is to differentiate the extraction result generated by the Open IE model from the training data. The goal of the Open
IE model is to produce high—quality triples to cheat the discriminator. A policy gradient method is leveraged to co—train the Open IE
model and the discriminator. An empirical study shows that the proposed approach significantly outperforms many existing baselines.
[ Key words] Generative Adversarial Networks; Neural Networks; open information extraction
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