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i WMT20(12 —a1—2X 993
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[11] Nakazawa, T et al. ASPEC: Asian Scientific Paper Excerpt Corpus. In Proc. of LREC 2016.
[12] Barrault, L et al. Findings of the 2020 Conference on Machine Translation. In Proc. of WMT 2020.

[13] Li, X et al. Findings of the first shared task on machine translation robustness. In Proc. of WMT 2019.
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« ASPECEWMT20: HEEEMDE MR FENEMA KLY HEIZELVERE
« MTNT2019 & JParaCrawl: BEEH{I & XHEADEMEZ FEIZEBLLTEEE G L

L VI AE 74 ASPEC WMT20 MTNT2019 JParaCrawl
ID HBf; ETIL TETIN k=5 k=10 k=20 k=5 k=10 k=20 k=5 k=10 k=20 k=5 k=10 k=20
(1) - - - 20.5 20.7 20.6 20.6 20.9 20.8 15.5 15.6 15.9 34.6 34.6 34.5
(2) - - 20.6 20.8 21.1% 208 21.2*%  214* 158 15.9 159  34.1% 33.9%* 334
(3) HiEE  JaBERT I BART 20.9%  21.0 208  21.5%  21.8*  21.9% | 15.6 15.6 155  33.3% 329%  326%
(4) HiZE  mBERT (black- 21.1%  21.2%  21.2%  212%  214%  21.8% | 154 15.3 154  333% 331%  32.7%
5) X mBART box) 203 20.1*  20.1% 203  204%¥  20.4*% | 14.8% 14.6%  14.7%  33.0*%  329%  322%
6) X M2M-100 19.9%  19.8% 197 208 20.6 20.8 15.3 15.2 14.5%  32.9%  325%  32.0%
(7) X Denoiser 204 20.3* 20.4 20.7 20.9 20.9 15.5 15.3 154  33.8% 33.1%  329%
(8) - - 207 21.1*  21.2%  20.8 20.9 21.2%  158%  15.9 159 347 34.7 34.3
(9) HEE  JaBERT MT 21.2%  21.4%  21.2%  21.6%  22.0%  21.9% | 159% 157 15.5 34.5 34.5 34.3
(10) HiEE  mBERT (elass- 21.2%  21.3%  21.6%  21.6% 21.8%  22.1% | 157 15.4 15.5 345 34.4 34.0%
11y X mBART gbox) 20.8%  20.7 21.0%  21.0% 209 21.1 154 15.5 154 347 34.6 34.6
(12) X M2M-100 20.6 20.6 206  21.2%  214%  21.5% | 15.8 15.9 15.7 34.6 34.7 34.7
(13) X Denoiser 20.6 20.7 20.8  209%* 209 21.2% | 15.8 15.7 15.8 34.7 34.7 34.7

BLEU RO 7k EVMEZDE, AF KUSUFXF UV IHRIZBT55CELEDHREBLEURO T,
“—fTEDR—RSA4 UFEELE LB L THEHIZEE(p < 0.05))
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« ASPECEWMT20: HiEEMITIEkN KEL L AHIZ DN TEEREED ML
« MTNT2019 & JParaCrawl: kAEM L THERGEIFIETE LLIFZELLG L

S Wz U AVE 4 ASPEC WMT20 MTNT2019 JParaCrawl
ID BAL  ETIL ETI)L k=5 k=10 k=20 k=5 k=10 k=20 k=5 k=10 k=20 k=5 k=10 k=20
(1) - - - 20.5 20.7 20.6 20.6 20.9 20.8 15.5 15.6 15.9 34.6 34.6 34.5
(2) . . 20.6 20.8 21.1% 208 21.2%  214* 158 15.9 159  34.1* 339%  33.4%
(3) MZE  JaBERT I BART 20.9%  21.0 20.8  21.5% 21.8¢  21.9% | 15.6 15.6 155 333% 329%  326%
(4) HZE  mBERT (black- 21.1%  21.2%  212%  212%  214%  21.8% | 154 15.3 154  333%  33.1% 327
5) X mBART box) 20.3  20.1*  20.1*  20.3  20.4*  20.4* 14.8*  14.6*  14.7% 33.1*% 329%  322%
6) X M2M-100 19.9%  19.8%  19.7¢*  20.8 20.6 20.8 15.3 15.2 14.5%  32.9%  325% 320
(7) X Denoiser 204 203 20.4 20.7 20.9 20.9 15.5 15.3 154  33.8% 33.1%  32.9%
(8) - - 207 21.1*  21.2% 208 20.9 21.2%  15.8% 159 15.9 34.7 34.7 34.3
(9) HiFE  JaBERT MT 21.2%  21.4*%  212%  21.6% 22.0%  21.9% | 159% 157 15.5 34.5 34.5 34.3
(10) HiFE  mBERT (elass- 21.2%  21.3*%  21.6*  21.6* 21.8%  221* | 15.7 15.4 15.5 34.5 344 34.0%
1y X mBART gbox) 20.8%  20.7 21.0¢  21.0 209 21.1 15.4 15.5 15.4 34.7 34.6 34.6
(12) X M2M-100 20.6 20.6 20.6  21.2% 214%  21.5% | 15.8 15.9 15.7 34.6 34.7 34.7
(13) 3 Denoiser 20.6 20.7 20.8  20.9* 209 21.2% | 15.8 15.7 15.8 34.7 34.7 34.7

BLEU RO 7k EVMEZDE, AF KUSUFXF UV IHRIZBT55CELEDHREBLEURO T,
“—fTEDR—RSA4 UFEELE LB L THEHIZEE(p < 0.05))
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HERB () F % & Bk
FEAEDAESHETBLEURATZIFIET - L LLIEZERAL

EN: 54 US4 ASPEC WMT?20

ID BT TN EFI k=5 k=10 k=20 k=5 k=10 k=20
() - - - 20.7 20.6 20.8 20.9 20.8 20.7

2) - - 20.8  21.1%  21.2%  21.2% 214%  21.2%
(3) HigE+ X JaBERT + mBART 20.5 20.5 20.7 211 21.5% 21.4%
(4) HZE + X JaBERT + M2M-100 mBART 202+ 204 20.2% 212 214%  21.5%
(5) HZE + X JaBERT + Denoiser (black- 20.7 20.8 20.8 21,2 21.7% 217
(6) HiZE+ X  mBERT + mBART box) 20.6 20.5 20.9 21.0  21.3*%  21.5%
(7) Hi3E + X  mBERT + M2M-100 20.5 20.6 20.7 21.1 21.2 21.5%
(8) HiZE+ X  mBERT + Denoiser 20.8 20.8 20.8 21.0 21.2 21.6%
9) - - 21.1%  212%  213% 209  21.2% 21.0

(10) HAZE + 3 JaBERT + mBART 21.2%  21.2%  21.3%  21.7% 21.9%  21.7%
(11) HZE + 3¢ JaBERT + M2M-100 MT 21.2%  21.3* 211 21.8% 222%  2]19%
(12) HBiZE + X JaBERT + Denoiser (glass- 21.0  21.3*  21.2%  21.5% 220%  21.8%
(13) HiZE+ X  mBERT + mBART box) 21.2%  212%  21.6% 21.6% 21.8%  21.9%
(14) H3E + 3  mBERT + M2M-100 21.2%  212%  21.4%  21.8% 21.9%  22.1%
(15) Hi3E + 3  mBERT + Denoiser 21.1%  21.3%  21.4%  21.5%  21.7%  22.1%

BLEU RO 7 (k: BB ENBERADEINEFNDE MEZDOH, KF:. RV VXV IHKERIZEITS
FZTEDREBLEUR D7, * —fTEDAR—X S/ UFE LR L THEIMIZEE(p <0.05)
THR BEBEEMOS IMEZ LB L THRELZBLEURO T
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RTov LS

SV X VAV 4 ASPEC WMT20 MTNT2019 JParaCrawl
ID Hfi €T EFI k=5 k=10 k=20 k=5 k=10 k=20 k=5 k=10 k=20 k=5 k=10 k=20
(14) . . 24.3 26.0 27.9 23.6 253 26.8 19.0 20.2 22.0 38.6 40.1 41.5
(15) HiGE  JaBERT 24.3 25.9 274 24.9 26.3 27.6 193 20.4 21.8 37.8 38.7 39.8
(16) HijE  mBERT Oracle 24.3 26.1 27.9 25.0 26.2 27.7 19.0 20.4 21.7 37.6 38.6 39.7
17 X mBART 23.4 24.4 25.4 23.1 23.8 24.8 17.8 18.3 19.2 36.4 37.1 37.6
(18) X M2M-100 23.6 24.5 25.5 23.8 24.5 25.5 18.2 19.0 19.8 36.6 37.1 37.7
(19) X Denoiser 23.5 24.6 25.8 23.7 24.7 254 18.4 19.3 20.3 36.7 374 38.1

BLEU X7k EVMEZDE, KF:. KIS UF UV IHRICEB T35 CENDHKREBLEURO 7,
= TEDOR—XSA UFERELRL THETHIZEE(p < 0.05))
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