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BR'(Boutella et al., 2004)  [0.0316/64.4/ 64.8/64.6| - - - 0.0086/90.4/ 81.6/85.8] - - -
CNN'(Kim, 2014) 0.0256|(84.9/ 54.5/ 66.4| - - - 0.0089(92.2/79.8/85.5| - - -
LEAM(Wang et al., 2018)  |0.0261|76.5/ 59.6 / 67.0|52.4 / 40.3 / 45.6/0.0090|87.1/ 84.1 / 85.6/69.5/ 65.8 / 67.6
LSAN(Xiao et al., 2019) 0.0242|77.71 64.6 /1 70.6/67.6 / 47.2 / 53.5/0.0075(91.3 / 84.1 / 87.5|74.9/ 65.0 / 68.4
BERT(Devlin et al., 2019)  |0.0224|78.6/ 68.7/ 73.4|68.7 / 52.1 / 57.2|0.0073[92.7) 83.2/ 87.777.3/ 61.9/ 66.7
CCf(Read et al., 2011) 0.0306/65.7/ 65.1/65.4| - - - 0.0087/88.7/82.8/85.7| - - -
SGM*®(Yang et al., 2018) |0.0251|74.6/ 65.9/69.9| - - - ]0.0081(88.7/85.0/86.9| - - -
Seq2Set®(Yang et al., 2019)[0.0247|73.9/ 67.4/70.5| - - - 0.007390.0/ 85.8/87.9| - - -
OCD'*(Tsai and Lee, 2020) | - - - 720| - -~ 585 - - - o - - -
ML-RT(Wang et al., 2020) (0.0248|72.6 / (1.8} 72.2| - - - 0.0079/89.0/85.2/87.1| - - -
Seq2Seq®(Nam et al., 2017) [0.0275/69.8 / 68.2/69.0|56.2 / 53.7 / 54.0/0.0074(88.5 /(87.4)/ 87.9|69.8 / 65.5 / 66.1
SeqTagpert 0.0238| 74.3/ 71.5/72.9|61.5 (373 / 58.5/0.0073(90.6 / 84.9 / 87.7(73.7 1 66.7 / 68.7
LACO 0.0213]80.2 / 69.6 / 74.5|70.4 / 54.0/ 59.1]0.0072|90.8 / 85.6 / 88.1|75.9 / 66.6 / 69.2
LACO+plcp ([0.0212)79.5 7 70.8 /(74.9]68.4 / 55.8 / 59.9 90.8 / 86.2 / 88.4(76.1 / 66.5 / 69.2
LACO+-clcp 0.0215/78.9/ 70.8 / 74.7(71.9)/ 56.6 [61.2 90.6 / 86.4 [88.577.6 / 71.5 / 73.1 31
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