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PLM I DWW TIZ 555 BERT (bert-base-uncased),
HAGE BERT (cl-tohoku/bert-base-Japanese-v2), %
& it RoBERTa (xlm-roberta) @ 3 f¥H% LIk 5.
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HHEAETAVEMGHT 2. MEETLIEPLM O
BE» S/ ONE [CLS) b= Y2 AT LT, 18
@ Dropout B MBI LR HMHETHS. TRy
7RIZ3 TRy 7, SREETVDORA -7 VR
& 256, BE({LFIEIX Adam, HEEENT MSE Loss,
Dropout 1% 0.1 ¥ § 5. 7z, KL TIE Google
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REL B Z1TS.
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Jijhk a2 — ¢ R Offensive Language Identification
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F—& Y LT L, Noisy IZDWTIEEE 7 — &I
MR 25603 5 DEILEMEE TS .

FHii 7 — & 121& JOLID, Noisy, Fujihara o 3 fE%H
DF =&ty s EMHT 5. Fujihara 7—Xt£ v b
W, BEOMEE I — A BINEE L3 L, 85 1
EEDPRBEN G EPDT ) T—YarkiTolkT—
Xty FTHB. T2 L, &l BERT & Wi
ETEFHES % & = DA, JOLID IXEIER AT D JE5E
Ji L%, Noisy & Of Fujihara 57— Xt v MIZDOWT
|3 DeepL THREFICERL 722 A5 5. 2H, 7
i — %ty FONREZE 1 ITRT.

K1 &T—Xty bOF TN

27 A | Multi JOLID Noisy Fujihara

N
OFF 8,104 3,960 240 653 163 104
NOT | 34,613 7,956 620 2,000 500 280

*1 Perspective: https://perspectiveapi.com/
*2 DeepL: https://wuw.deepl.com/translator
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