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Abstract

Studies have actively compared fine-tuning and retrieval-augmented generation (RAG) to enhance the
adaptability of large language models (LLMs) to specific domains. Although question and source document
pairs are already available in certain environments, no comparative study has assessed whether RAG has the
potential to improve domain-specific performance more easily than fine-tuning in such settings. In this study,
we compare the performance of fine-tuning and RAG for Korean machine reading comprehension (KorQuAD)
and sentiment analysis (NSMC) tasks using small language models (sLLM). Our results show that RAG
improved performance by 10.2% on KorQuAD and 32.3% on NSMC. when RAG and fine-tuning were
combined, performance improved by 11.5% and 41.9%, respectively. Our results indicate that RAG is
advantageous when resources are limited, while a complementary use of both methods can outperform
fine-tuning when sufficient resources are available.
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Table 3 Performance comparison of Fine-tuning and RAG

Model | Llama3 | Llama3-Ko |
Dataset | KorQuAD | NSMC || KorQuAD | NSMC
| EM| F1| Acc || EM | F1 | Acc
0-shot 0.575 | 0.771 0.530 0.416 | 0.620 0.360
few-shot prompt 0.621 | 0.859 0.826 0.483 | 0.816 0.855
RAG (few-shot prompt) 0.695 | 0.873 0.853 0.573 | 0.845 0.844
finetune (0-shot prompt) 0.684 | 0.883 0.558 || 0.709 | 0.886 0.920
finetune (few-shot prompt) | 0.695 | 0.882 0.907 || 0.719 | 0.892 0.927
finetune + RAG 0.718 | 0.886 0.922 || 0.742 | 0.893 0.916
2. 3IR1Fd 3 RAG vl Ag A3} S A F AT AEA TFIZE] BIFY
e S0 B8E EgkebA] 8 A 7HA dojnt
B oo to A= 7] A=t AN 2o SHekE A5E Bton, ol d4 BdAR 4
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2 PJrrstsdek (D JJr FY 3 RAG EF AR 2 QR Aan, e dabdol =otth st B
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Table 4. Selection of the
number of shots in the prompt

KorQuAD NSMC
k| EM| F1 Acc
0| 0.575 | 0.771 0.530
1| 0.639 | 0.823 0.819
2 | 0.703 | 0.862 0.826
3 | 0.695 | 0.873 0.835
4| 0.629 | 0.849 0.842
6 | 0.619 | 0.858 0.852
8 | 0.611 | 0.850 0.853

12 | 0.622 | 0.851 0.852

0.9

Number of shots (k)

‘ —o—KorQuAD EM - w- KorQuAD F1 ——NSMC Accuracy

J7 2. FAF ZEZEQ
kAbOl| 2 M& H|W
Figure 2. Selection of the
number of shots in the prompt
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