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R4 bert-base | bert-large | bert-multilingual | HateBERT | TweetBERT
Jigsaw Multilingual Toxic Comment Classification -2.716 -2.561 -2.827 -3.074 N/A
Natural Language Processing with Disaster Tweets -4.183 -3.983 -4.044 -4.817 N/A
Quora Insincere Questions Classification -2.399 -2.251 -2.536 -3.100 N/A
What’s Cooking? -3.421 -3.117 -3.344 -4.223 N/A
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What’s Cooking? bert-large | bert-multilingual bert-base | HateBERT | Tweet BERT
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I HateBERT DIEM 23 FAH & DK< 72572, Quora Insincere
Questions Classification & 2 Z71ZB W TS HateBERT DJIEf;
PRI D - 7.

7 FLHESEROFE

AGETIX, XEPEEZ X7 ICBT 2 HFEEEA BERT
ETFTNVOMBFIERERRELZ. 3, HSHEET VEREE
DMEEEEB I o7, Iz, infer H D FIEIZOVWTHED
A, REFELOT 272007 V3V FJiHiiHT -2t v
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