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F2 BREHEEMRE (Accuracy)

A | 3
BERT_PA_BiGRU_GNN | 0.688 | 0.661
BERT_PA_BiGRU 0.673 | 0.649
BERT_BiGRU_GNN 0.657 | 0.630
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T Accuracy Zaf E LR 2R 2 123, TR
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1)  https://alaginrc.nict.go.jp/nict-bert/index.html
2)  https://taku910.github.io/mecab/

3)  https://www.ai-j.jp/

4)  https://projects.coin-or.org/Cbc
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