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gH=o] PLM &5 train data 7} 4=9f] @2 fl-score(micro)
NES Size | 1007 | 2007 | 5007 | 1,0007] | 2.0007) | 4.0007) | 8,0007)
KcBert-base 417M | 0.813 | 0.853 | 0.847 0.878 0.887 0.886 0.900
KoBERT-base 368M | 0.776 | 0.831 | 0.859 0.855 0.877 0.890 0.904
KcELECTRA-base 475M | 0.850 | 0.870 | 0.884 0.881 0.895 0.893 0.896
Dialog-KoELECTRA-Small | 58M 0.789 | 0.845 | 0.867 0.880 0.889 0.893 0.899
H 2. Train_data 7H5=0fl {2 F1-score(micro)
post-training training data7j$>o]| @2 2.9 f1-score(micro)
Model Epoch | 1007} | 2007] | 5007] | 1,0007] | 2,0007] | 4,0007) | 8,0007)
KoBert-base | 0 epoch | 0.776 | 0.831 | 0.859 0.855 0.877 0.890 0.904
1 epoch | 0.832 | 0.842 | 0.873 0.875 0.891 0.897 0.902
2 epoch | 0.855 | 0.863 | 0.872 0.885 0.901 0.899 0.902
3 epoch | 0.858 | 0.867 | 0.882 0.884 0.891 0.893 0.898
KcBert-base | 0 epoch | 0.813 | 0.853 | 0.847 0.878 0.887 0.886 0.900
1 epoch | 0.854 | 0.867 | 0.876 0.878 0.889 0.893 0.899
2epoch | 0.811 | 0.854 | 0.879 0.881 0.888 0.896 0.897
3epoch | 0.832 | 0.857 | 0.874 0.883 0.894 0.894 0.898
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