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Detection service relation extraction for emerging industries
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[ Abstract] Mining detection information in emerging industries is conducive to discovering detection capabilities of detection
institutions, promoting cooperation between institutions and accelerating industrial upgrading. In order to solve the problem of
semantic confusion in the inspection data of emerging industries, a deep neural network entity relation extraction model based on
mixed relation labels is proposed in this paper. At the input layer, the labels based on relationships are constructed and the input of
the model is spliced together with semantic information to enhance the differentiation of different relationships. At the feature
extraction layer, bidirectional long and short—term neural network and convolutional neural network are used to improve the feature
extraction ability of the model. Meanwhile, attention mechanism is introduced to weaken the influence of irrelevant features and
improve the recognition ability of the model to host and object entities. The experimental results show that the model can not only
identify the entities in the inspection and testing field of emerging industries, but also accurately judge the relationship between
entities, achieving good experimental results.
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Fig. 1 The architecture of detection neural network model
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Fig. 5 Experimental results
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Fig. 6 Comparison of experimental results
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