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¥ 1. Polyglot-Ko 2 E=9] zero-shot task F1 A}

Params Method Sparsity COPA HellaSwag BoolQQ SentiNeg Mean
Dense 0% 77.45 48.53 43.56 33.94 50.87

5 SB 50% 74.46 44.2 35.59 38.38 48.15
Wanda 4:8 71.15 40 35.03 51.54 49.43

2:4 66.54 35.27 33.56 67.7 50.76
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¥ 3. Koalpaca H|o]E]Al 2.2 fine-tuning St Polyglot-Ko 5.8B @ of t}j$t few-shot NSMC HlX|ut3 A5 vl

Model Peft  Method Sparsity Promptl Prompt2

Polyglot-Ko X Dense 0% 57.52 72.23
KoAlpaca-Polyglot X Dense 0% 69.39 76.83

Dense 0% 82.4 78
50% 77.2 73.8

KoAlpaca-Polyglot(Ours) LoRA
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