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Research on entity relationship extraction in coal mine based on deep learning
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[ Abstract] Relational extraction is an important process in building knowledge maps. In order to better construct the knowledge
map of coal mine field, this paper studies the method of relationship extraction. In this paper, the combination of word vector and
deep learning is used to extract the relationship between entities, which reduces the difficulty of data annotation and improves
training efficiency. The experimental results prove that the combination of word vector and deep learning can effectively complete the

task of extracting entity relations in coal mine field.
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Fig. 1 Entity relationship extraction framework
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Fig. 2 Schematic diagram of word vector +BMGU—-Att model
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Tab. 2 Optimal results in the training process of different models

3 Accuracy Loss
BMGU-Att 0.96 2.184 14
BGRU-ALt 0.96 4.992 28
BLSTM-Att 0.96 4.068 72
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Tab. 3  Time comparison of training consumption of different

models under the same amount of data

B THAEAT ]/ min
BMGU-Att 13.2
BGRU-Au 20.15
BLSTM-Att 18.98
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Fig. 6 Accuracy value curve during training
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Tab. 4 Verification result of BMGU—-Att model

251 Precision Recall F1
1 0.736 842 1 0.666 666 7 0.7
2 0.811 074 9 0.778 125 0.794 258 4
3 0.842 857 1 0.769 565 2 0.804 545 5
4 0.882 3529 0.784 883 7 0.830 769 2
5 0.752 873 6 0.850 649 4 0.798 780 5
6 0.718 535 5 0.779 156 3 0.747 619
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