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®1 HEEHIITERIC L 2

B & IEfE 5 L & OAHBIFREL (WMT20 en-ja)

Fik ‘ ETI H Pearson ‘ Spearman ‘ Kendall
BERTScore waseda RoBERTa-large 0.484 0.459 0.319
BLEURT-20 RemBERT 0.462 0.452 0.315
BERT Fine-Tuning waseda RoBERTa-large || 0.561 0.566 0.396
rinna GPT2-xsmall 0.528 0.496 0.342
waseda GPT2-small 0.583 0.554 0.387
LLM LoRA-Tuning | rinna GPT2-small 0.573 0.541 0.378
rinna GPT2-medium 0.583 0.568 0.396
HyperCLOVA 6.9B 0.593 0.579 0.404
rinna GPT2-xsmall 0.459 0.438 0.302
waseda GPT2-small 0.522 0.502 0.347
LLM Prompt-Tuning | rinna GPT2-small 0.519 0.484 0.336
rinna GPT2-medium 0.502 0.450 0.312
HyperCLOVA 6.9B 0.515 0.475 0.329
rinna GPT2-xsmall 0.530 0.507 0.349
waseda GPT2-small 0.552 0.541 0.377
LLM Fine-Tuning rinna GPT2-small 0.556 0.526 0.366
rinna GPT2-medium 0.581 0.560 0.392
HyperCLOVA 6.9B - - -
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£2 HIFHMIEIEIC X 2 570 L EfE S ~L & OHEBIREL (JSTS)

FE ‘ ET5IL H Pearson ‘ Spearman ‘ Kendall
Human 0.909 0.872 -
BERTScore waseda RoBERTa-large || 0.721 0.744 0.558
BLEURT-20 RemBERT 0.771 0.752 0.569
BERT Fine-Tuning waseda RoBERTa-large || 0.923 0.889 0.729
rinna GPT2-xsmall 0.823 0.782 0.600
waseda GPT2-small 0.852 0.810 0.629
LLM LoRA-Tuning | rinna GPT2-small 0.865 0.823 0.644
rinna GPT2-medium 0.889 0.850 0.677
HyperCLOVA 6.9B 0.909 0.872 0.702
rinna GPT2-xsmall 0.833 0.778 0.597
waseda GPT2-small 0.861 0.807 0.629
LLM Prompt-Tuning | rinna GPT2-small 0.862 0.810 0.631
rinna GPT2-medium 0.874 0.823 0.646
HyperCLOVA 6.9B 0.898 0.848 0.674
rinna GPT2-xsmall 0.868 0.817 0.640
waseda GPT2-small 0.883 0.837 0.660
LLM Fine-Tuning rinna GPT2-small 0.887 0.839 0.664
rinna GPT2-medium 0.905 0.865 0.696
HyperCLOVA 6.9B - - -
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KA EFANO¥ERHCEE LI R— 85 X=X

. o= RoBERTa LLM LLM LLM

NAR=RT R —& . . . . . .
Fine-Tuning LoRA-Tuning Prefix-Tuning Fine-Tuning
Learning Rate 2e-5 le-5, 2e-4 le-2, le-1 Se-5
Epoch Num 10 10 30 10
LoRA Dim - 4 - -
LoRA Alpha - 32 - -
LoRA Dropout - 0.1 - -
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