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JhCN UTF8gbsn | UTF8gbsn | UTF8gbsn 5 Lgngth S5 ]fntfop(};
- yte urs i yte urs
E4 BC 97 | E5 94 A4 | E4 BC 97 [T | 13IM [ 127M | 3.13% | 0.764 | 0.634
. UTF8min | UTF8min | UTF8min eN-Zh B 64M | 60M | 641 % | 0.586 | 0.435
Ja_‘] E6 A4 9C E8 AA 8D E8 A3 81 . T | 176M | 174M | 0.83 % | 0.818 | 0.763
e TR 4IM | 40M | 3.56 % | 0.580 | 0.417
ko-KR ko |T_| TI3M | TITM [ 221 % | 0.498 | 0.485
EC B2 AQ EC AD 80 ED 9E 88 J B 50M 56M | 425 % | 0.485 | 0.446
Table 1: Table 2: TB
Decode error Empty
3.2 Byte | Ours | Byte | Ours
1 UTF-8 4 ?? en-zh 33 14 3156 | 2545
2? jako - @XEC-OXEF zh OxE4-0xE7 en-ja | 136 0 218 | 87
UTE-8 jako | 1522 | 121 7 3
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Size BLEU chrF TER Byte BLEU | Byte chrF
Byte | Ours | Byte | Ours | Byte | Ours | Byte | Ours | Byte | Ours

en-zh | 2.23M | 0.5 1.7 1.9 3.2 127.3 | 1004 | 3 7.3 3 5.5
en-ja | 3.47M | 1.6 3.2 6.5 8.5 467.2 | 100.3 | 15.2 | 20 19.4 | 23.5
ja-ko | 2.99M | 19 246 | 358 | 355 | 1144 | 100.2 | 49 533 | 54.7 | 53.5
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# Chinese (bleu, chrf, ter)

Figure 4: Llama2 d = 2

nrefs:1|case:mixed|eff:no|tok:zh|smooth:exp|version:2.4.2
nrefs:1|case:mixed|eff:yes|nc:6|nw:0@|space:no|version:2.4.2
nrefs:1|case:1lc|tok:tercom|norm:no|punct:no|asian:yes|version:2.4.2

# Japanese (bleu, chrf, ter)

nrefs:1|case:mixed|eff:no|tok:ja-mecab-0.996-IPA|smooth:exp|version:2.4.2
nrefs:1|case:mixed|eff:yes|nc:6|nw:@|space:no|version:2.4.2
nrefs:1|case:1lc|tok:tercom|norm:no|punct:no|asian:yes|version:2.4.2

# Korean (bleu, chrf, ter)

nrefs:1|case:mixed|eff:no|tok:ko-mecab-0.996/ko-0.9.2-KO|smooth:exp|version:2.4.2
nrefs:1|case:mixed|eff:yes|nc:6|nw:0|space:no|version:2.4.2
nrefs:1|case:1lc|tok:tercom|norm:no|punct:no|asian:yes|version:2.4.2

# Bytes (bleu, chrf)

nrefs:1|case:mixed|eff:no|tok:none|smooth:exp|version:2.4.2
nrefs:1|case:mixed|eff:yes|nc:6|nw:0|space:no|version:2.4.2

Table 6: sacreBLEU
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