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Research on joint extraction of entity and relationship based on
two encoders and minimal risk training
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[ Abstract] Some of the joint learning model use the same encoder to encode the two tasks of entity recognition and relationship

extraction, but a single encoder is not enough to capture the information required by the two tasks in the same space. By using the

sequence encoder to obtain the entity tags and the table encoder to obtain the relationship tags, the Two—Encoders can improve this
defect. At the same time, in order to make the entire model converge to the desired effect faster and better, minimum risk training is
added to the Two—Encoders model to optimize the global loss function. Comparing with the existing mainstream models on the four

standard data sets, it is found that the model in this paper has a certain degree of improvement in evaluation indicators compared with

the mainstream models.
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Tab. 1 F1 value of various mainstream models in ACE(04

Model NER RE RE+
Li and Ji(2014) 79.7 438.3 45.3
Katiyar and Cardie(2017) 79.6 49.3 45.7
Bekoulis et al.(2018b) 81.2 - 47.1
Bekoulis et al.(2018a) 81.6 - 47.5
Miwa and Bansal (2016) 81.8 - 48.4
Li et al.(2019) 83.6 - 49.4
Luan et al.(2019) 87.4 59.7 -
Wang and Lu(2020) 88.6 63.3 59.6
Ours 90.8 66.7 62.6

F2 BRI REEAE ACE0S iy F1 &

Tab. 2 F1 value of various mainstream models in ACE(05

Model NER RE RE+

Li and Ji(2014) 80.8 52.1 49.5

Miwa and Bansal (2016) 83.4 - 55.6

Katiyar and Cardie(2017) 82.6 55.9 53.6

Zhang et al.(2017) 83.6 - 57.5

Sun et al.(2018) 83.6 - 59.6

Li et al.(2019) 84.8 - 60.2
Dixit and A1(2019) 86.0 62.8 -
Luan et al.(2019) 88.4 63.2 -
Wadden et al.(2019) 88.6 63.4 -

Wang and Lu(2020) 89.5 67.3 63.9

Ours 90.7 69.5 65.7
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Tab. 3 F1 value of various mainstream models inCoNLL04
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Tab. 4 F1 value of various mainstream models in ADE

Model NER RE RE+ Model NER RE RE+
Miwa and Sasaki(2014) 80.7 - 61.0 Liet al.(2016) 79.5 - 63.4
Bekoulis et al.(2018a) 83.6 - 62.0 Liet al.(2017) 84.6 - 71.4
Bekoulis et al.(2018b) 83.9 - 62.0 .
Bekoulis et al.(2018b) 86.4 - 74.6
Tran and Kavuluru(2019) 84.2 - 62.3
Nguyen and Verspoor(2019) 86.2 - 64.4 Bekoulis et al.(2018a) 86.7 - 75.5
Zhang et al.(2017) 85.6 - 67.8 Tran and Kavuluru(2019) 87.1 - 77.3
Li et al.(2019) 87.8 - 68.9
Eberts and Ulges(2019) 89.3 - 78.9
Eberts and Ulges(2019) 86.3 - 70.5
Wang and Lu(2020) 88.1 73.0 71.8 Wang and Lu(2020) 89.7 80.1 80.1
Ours 89.7 74.6 73.6 Ours 91.2 82.4 82.4
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Fig.11 F1 value histogram of various mainstream models in ACE04
Li and Ji Miwa Katiyar ~ Zhang Sun  Li Dixit Luan Wadden Wang Ours
AU
wtowce?® oS
5 EEREEER L A .
= o s : % o 2 :
o ol Qo ;o S ©
5o e SRR °
) <+ v
NER RE RE+
12 SEFMERE ACES i) F1 EHRKE
Fig. 12 F1 value histogram of various mainstream models in ACE05
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Fig. 13 F1 value histogram of various mainstream models in CoNLL04
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Fig. 14 F1 value histogram of various mainstream models in ADE
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Tab. 5 P, R, F1 values of some models in ACE04

NER RE RE+
Model
P R F1 P R F1 P R F1
Bekouliset al.(2018hb) 81.0 81.3 81.2 - - - 50.1 44.5 47.1
Li et al.(2019) 84.4 82.9 83.6 - - - 50.1 48.7 49.4
Wang and Lu(2020) 89.2 88.0 88.6 66.2 60.8 63.3 63.0 58.1 59.6
Ours 91.0 90.5 90.8 71.1 62.6 66.7 67.1 59.0 62.6
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Tab. 6 P, R, F1 values of some models in ACE(5
NER RE RE+
Model
P R F1 P R F1 P R F1
Li et al.(2019) 84.7 84.9 84.8 - - - 64.8 56.2 60.2
Dixit and A1(2019) 85.9 86.1 86.0 68.0 58.4 62.8 - - -
Wang and Lu(2020) 89.8 89.2 89.5 76.4 59.6 67.3 71.8 56.5 63.9
Ours 90.2 91.1 90.7 78.2 62.5 69.5 73.6 58.4 65.7
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Tab.7 P, R, F1 values of some models in CoNLL04
NER RE RE+
Model
P R F1 P R F1 P R F1
Bekoulis et al.(2018b) 83.8 84.1 83.9 - - - 63.8 60.4 62.0
Li et al.(2019) 89.0 86.6 87.8 - - - 69.2 68.2 68.9
Wang and Lu(2020) 89.1 87.1 88.1 76.8 69.7 73.0 75.5 68.5 71.8
Ours 90.8 88.9 89.7 79.7 69.4 74.6 79.0 68.5 73.6
%8 4T ADE i) PR F1{E
Tab. 8 P, R, F1 values of some models in ADE
NER RE RE+
Model
P R F1 P R F1 P R F1
Bekoulis et al.(2018b) 84.7 88.2 86.4 - - - 72.1 77.2 74.6
Eberts and Ulges(2019) 89.0 89.6 89.3 - - - 77.8 89.0 78.9
Wang and Lu(2020) 88.9 90.7 89.7 79.0 82.0 80.1 79.0 82.0 80.1

Ours 90.9 91.4 91.2 82.6 82.2 82.4 82.6 82.2 82.4
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