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[ Abstract] Entity relationship extraction entails identifying the semantic relatiénship between entities from unstructured
and programmed massive texts and can provide data support for ontology construction, intelligent retrieval, and other tasks.
However, the existing distantly supervised relationship extraction methods\generally suffer from three problems:the need
for numerous manual annotation corpora, noise contained in the extraction features, and the relationship between entities and
sentences being ignored.This paper proposes a relationship extraction.model based on a residual Bi-directional Long Short-
Term Memory(BiLSTM ) network and intra-sentence and intér-sentenee-bag attention mechanisms.Based on using word
vectors and position vectors as model input, the model extracts long-distance text information in sentences and entity words
through a residual BiLSTM network, and it uses the intra-sentencesand inter-sentence bag attention mechanisms to process
the extracted feature information.This enables the model to reduce.the feature extraction noise between entities in the distantly
supervision process and improve its recognition accuraey. The experimental results on the New York Times(NYT) dataset
demonstrate that the model can make full use of the entity and relationship features, and the average precision reaches 86.2%.
Compared with similar models using Convolutional Neural Network(CNN) and Piecewise Convolutional Neural Network
(PCNN) as sentence encoders, the proposedimodel has better remote supervised relationship extraction performance.

[ Key words] natural language processing ; relation extraction ; residual connection ; Bi-directional Long Short-Term Memory
(BiLSTM) network ;sentence bag attentiofymechanism
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Fig.1 Framework of relationship extraction model based on ResNet_ BiLSTM and sentence bag attention mechanism
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Table 2 Comparison of AUC values of different models

LR AUC{H CF- ¥ fE 47 1 2%)
CNN+ATT BL 0.376 + 0.003
CNN+ATT _RA 0.398 + 0.004
CNN+ATT_BL+BAG_ATT 0.388 + 0.002
CNN+ATT_RA+BAG_ATT 0.407 + 0.004
PCNN+ATT_BL 0.388 + 0.004
PCNN+ATT_RA 0.403 + 0.003
PCNN+ATT BL+BAG_ATT 0.403 = 0.002
PCNN+ATT_RA+BAG_ATT 0.422 +0.004
ResNet BiILSTM+ATT BL 0.391 + 0.002
ResNet BILSTM+ATT RA 0.406 = 0.003
ResNet BiLSTM+ATT BL+BAG_ATT 0.405 = 0.003
ResNet BILSTM+ATT RA+BAG_ATT 0.432 + 0.004
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Table 3 Comparison of P@/N of models on three test sets %

. One il 3 5 Two M X 4 AN AR
o P@100 P@200 P@300 “mean P@100 P@200 P@300 mean P@100 P@200 P@300 mean
SCHiR[2 1745 7Y 733 6920, 60,8 67.8 772 716  66.1 71.6 762  73.1 674 122
SCHiR [207]45E Y 84.04. 755 683 759 860 770 733 788 870 845 77.0 828
CNN+ATT_BL 74.2 68.9 65.3 69.5 77.8 71.5 68.1 72.5 79.2 74.9 70.3 74.8
CNN+ATT_RA 76.8 12.7 67.9 72.5 79.6 73.9 70.7 74.7 81.4 76.3 72.5 76.8
CNN+ATT_BL+BAG_ATT 78.6 74.7 69.7 74.2 82.4 76.2 72.1 76.9 83.0 78.0 74.0 78.3
CNN+ATT_RA+BAG_ATT 79.8 75.3 71.0 75.4 83.2 76.5 72.1 77.3 87.2 78.7 74.9 80.3
PCNN+ATT_BL 78.6 73.5 68.1 73.4 77.8 75.1 70.3 74.4 80.8 77.5 72.3 76.9
PCNN+ATT_RA 79.4 73.9 69.9 743 82.2 77.6 72.4 77.4 84.2 79.9 73.0 79.0
PCNN+ATT_BL+BAG_ATT 85.2 78.2 71.3 78.2 84.8 80.0 74.3 79.7 88.8 83.7 77.4 83.9
PCNN+ATT_RA+BAG_ATT 86.8 77.6 73.9 79.4 91.2 79.2 75.4 81.9 91.8 84.0 78.7 84.8
ResNet BILSTM+ATT_BL 79.4 74.6 69.4 74.5 78.8 76.5 70.6 75.3 82.1 79.6 73.6 78.4
ResNet BILSTM+ATT_RA 80.1 75.1 70.5 75.2 82.7 78.9 73.9 78.5 85.9 81.3 74.5 80.6
ResNet BILSTM+ATT_BL+BAG_ATT 86.4 80.1 72.6 79.7 85.6 81.3 75.8 79.9 89.7 85.1 78.9 84.6
ResNet BILSTM+ATT RA+BAG_ATT 87.7 80.3 75.0 81.0 91.9 80.6 76.9 83.1 92.9 85.3 80.3 86.2
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Table 4 Distribution of attention weight between

inter-sentence bags with different number of sentences

e AU (P-4 b 22)
1 0.163 £ 0.029
2 0.187 £ 0.033
3 0.210+0.034
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