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Relation extraction based on CNN and Bi-LSTM
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Abstract: Relation extraction aims to identify the entities in the Web text and extract the implicit relationships be-
tween entities in the text. Studies have shown that deep neural networks are feasible for relation extraction tasks and
are superior to traditional methods. Most of the current relation extraction methods apply convolutional neural net-
work (CNN) and long short-term memory neural network (LSTM) methods. However, CNN just considers the cor-
relation between consecutive words and ignores the correlation between discontinuous words. On the other side,
although LSTM takes correlation between long-distance words into account, the extraction features are not suffi-
ciently extracted. In order to solve these problems, a relation extraction method that combining CNN and LSTM was
proposed. three methods were used to carry out the experiments, and confirmed the effectiveness of these methods,
which had some improvement in F'1 score.
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