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KorQuAD MrTyDi-ko (low-resource) ~ MIRACL Korean (low-resource) ~Average
Type Method Hit@10 nDCG@10 MRR@10 Hit@10 nDCG@10 MRR@10 Hit@10 nDCG@10 MRR@10 nDCG@10
BM25 0.631 0.521 0.463 0.438 0.326 0.285 0.477 0.391 0.338 0.413
mES5-large 0.869 0.799 0.762 0.748 0.644 0.604 0.765 0.662 0.638 0.703
BGE-M3 0.897 0.785 0.744 0.738 0.640 0.590 0.810 0.700 0.660 0.708
SVR ReasonIR-8B 0.877 0.773 0.753 0.704 0.626 0.595 0.668 0.590 0.560 0.661
LLaMA3-8B + LLM2Vec 0.865 0.768 0.720 0.695 0.600 0.562 0.652 0.553 0.519 0.640
DIFFEMBED 0.887 0.799 0.772 0.710 0.636 0.601 0.708 0.620 0.588 0.685
ColBERTV2 0.738 0.645 0.612 0.501 0.423 0.388 0.470 0.390 0.364 0.487
MVR Dream-7B (Ours) 0.967 0.929 0.920 0.899 0.790 0.763 0.867 0.774 0.762 0.831
LLaDA-8B (Ours) 0.849 0.760 0.745 0.824 0.748 0.721 0.837 0.732 0.720 0.747

X 1! In-domain WIx|u}3 H7}F Axt

Type Method Hit@10 nDCG@10 MRR@10
BM25 0.493 0.407 0.363
mES5-large 0.756 0.662 0.641
BGE-M3 0.733 0.661 0.618

SVR ReasonIR-8B 0.764 0.669 0.643
LLaMA3-8B + LLM2Vec 0.661 0.585 0.545
DIFFEMBED 0.726 0.635 0.592
ColBERTV2 0.422 0.337 0.301

MVR Dream-7B (Ours) 0.811 0.735 0.703
LLaDA-8B (Ours) 0.750 0.659 0.625
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