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|EEHSC IRETED LAVWEIIEE ST ?
ANFA 5 Where is the interesting place in Gifu?
SentencePiece Where are the interesting places in Gifu?
BiLSTM-CRF Where is interesting place in Gifu?
GRN Where is interesting place in Gifu?
BERT-NER Where is interesting place in Gifu?
| FEH b =T RBCEE ST
ANFA 5 We’ll get to Ichiya Castle in a few minute
SentencePiece It takes a couple of minutes to arrive at the castle overnight
BiLSTM-CRF It takes a couple of minutes to arrive at the castle overnight
GRN We'll arrive in Ichiya Castle in a couple of minutes
BERT-NER We’ll get to Ichiya Castle in a couple of minutes
RSO 5 5HRIUBTT,
ANFA 5 This is the Inuyama City
SentencePiece This river is Inuyama City
BiLSTM-CRF This river is Inuyama City
GRN This is the Inuyama City
BERT-NER This is Inuyama City
|ESAS ERTE F L. #ERE» NOREEA BV LA o s
ANFNE I went several times. The Hobo miso or meat dish was delicious
SentencePiece I went several times to eat Pakha miso or meat
BiLSTM-CRF I went several times to eat Pakha miso or meat
GRN I went several times to eat Pakha miso or meat
BERT-NER I went several times. The food in Hobo miso or meat was delicious
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