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Entity and Relationship Joint Extraction Method of Feedback Mechanism

MA Jian-hong LI Zhen-zhen ZHU Huai-zhong WEI Zi-mo
(School of Artificial Intelligence, Hebei University of Technology, Tianjin 300401, China)

Abstract Entity and relationship extraction are two core tasks in information extraction,and are the important corner-
stone of knowledge mapping. At present,entity recognition and relationship extraction usually adopt the method of ex-
tracting features and rules manually and realizing them independently in two steps. This method is easy to cause dupli-
cate data preprocessing and error propagation. The two modules are interrelated. Entity recognition is the basis of rela-
tionship extraction. The results of entity relationship extraction can also feedback and verify entity information. There-
fore,a hybrid neural network model (Mufeedback-Join Model) without adding manual features and with mutual feed-
back mechanism was proposed to extract entities and their relationships jointly and realize the feedback checking mecha-
nism of entity relationship to entity recognition. The model shares Bi-LSTM feature extraction layer to extract text con-
text features,and introduces attention mechanism to capture key parts based on shared layer features. After decoding
the feature,CRF is used to complete the entity sequence labeling task. The shared layer feature and entity feature are in-
put into CNN model to realize entity relationship extraction. Finally, the relationship extraction result loss value is cal-
ulated,and the feature extraction layer of loss value feedback correction and the parameters of entity recognition model
are combined. In the same hardware environment. this method can shorten the training time of model.improve the accu-
racy.recall and F1 value of entity and relationship extraction, The F1 value of the joint extraction is improved by
2.91% ,the entity identification sub-module F1 is increased by 1. 34% on average, and the relationship extraction F1
value is increased by 5.79%. The experimental data show that the joint extraction model can merge two sub-modules to
reduce data processing time and error data transmission,and the mechanism of mutual feedback can improve the overall
recognition effect.

Keywords Feedback mechanism,Joint extraction,Deep learning, Entity recognition.Relation extraction
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Fig.5 Influence of different parameter values on F1 value
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Table 4 Parameters of joint extraction model

%8 &k LB
n_emb i E g 200
k WHERAMERSE B AN 5
n_input A 5 padding K& /) 200
drop Droutout & 0.7
batch oAb # AN 32
n_lstm Lstm 270 % 4 & 256
n_filter EREEHE 128
s_filter B R AN [3,4,5]
epochs I Kk B 5000
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Table 5 Results of combined extraction experiments
R 26)
HE ELES RS Fl1 &
Pipeline 78.41 63.40 70.11
SP-Tree 81.12 64.67 71.96
Join 79.93 64.05 71.11
MBF-JoinModel 81.03 68. 13 74.02
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Table 6 Entity recognition results

(AL 2 )
s LR kA LK ES RIS F1 &
33 73.53 70. 32 71. 89
CRF B b 80.9 72.07 76.23
B 74.19 73.33 73.76
33 79.81 70. 83 75.05
RNN-CRF B b 88.61 77.73 82.81
& 85. 21 78.49 81.72
33 82.54 76. 36 79.33
Bi-LSTM-CRF B % 90.79 77.66 83.71
p i 87.64 79.91 83.6
KR 84.11 78.47 81.19
ME-Join X3 88.12 80. 47 84.12
g 87. 36 83. 41 85. 34
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Table 7 Experimental results of relation extraction
AT )
CE LR ES AR F1 1
F-CNN-h 73.22 62.18 67.25
S-CNN-h 75. 86 70.43 73.04
S-CNN-w 75.02 69. 44 72.12
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Fig. 8 Influence of entity distance on entity relation extraction
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