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[ Abstract] To address the problems of text semantics, inaccurate syntactic representation and difficult parallelized computation on

different tree structures in existing graphical convolution networks for relationship extraction task, a relation extraction model based on

BERT and attention—guided graphical convolution networks is proposed. First, word vectors adapted to the context are encoded in the

input layer of the model using BERT and Bi—LSTM. Then the shortest path—centered pruning is applied to the input tree structure to

reduce irrelevant information in the tree. Finally, a multi-head attention mechanism is introduced in the model to automatically learn

relevant substructure useful for relation extraction in different subspaces. The experimental results on TACRED dataset show that the

proposed model in this paper significantly improves the F', value of entity relationship extraction compared to the baseline model.
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Fig. 1 ASP-GCN general framework
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Fig. 3 Network structure of BERT model
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Tab. 1 Model hyperparameter setting

Word embedding 300
Dropout 0.5
Heads 3
GCN layer 2
Epoch 100
Bi-LSTM (h) 300
Bi—LSTM hidden layer 1
Lr—decay 0.9
Max_grad_norm 5
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Tab. 2 Comparison of experimental results of each model on
TACRED data set %
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GCN 69.8 59.0 64.0
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PA-LSTM 65.7 64.5 65.1
AGGCN 69.9 60.9 65.1
ASP-GCN(BERT) 73.4 64.9 68.9
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Tab. 3 Ablation results of ASP-GCN model %
iR P R F,

ASP-GCN(ours) 73.4 64.9 68.9
—BERT 72.3 63.9 67.8
—Bi-LSTM 66.7 65.7 66.2
— SDG 72.6 63.6 67.8
—Multi—Attention 71.9 62.5 66.9
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Tab. 4 Effects of models with different multiple values %

N 1 2 3 4 5 6

Precision  72.3 72.5 73.4 71.3 70.5 70.3
Recall 64.7 64.7 64.9 63.9 63.4 63.9
F, 68.3 68.4 68.9 67.4 66.7 66.9
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Fig. 6 Pruning distance centered on path ( K)
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