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[Abstract]

This study proposes a method for fine-tuning a small language model (sLLM) specialized in Korean
essential medical knowledge using QLoRA (Quantized Low-Rank Adaptation). We utilized the Al Hub
Essential Medical Knowledge QA dataset comprising 17,280 question-answer pairs across four clinical
departments—internal medicine, pediatrics, obstetrics and gynecology, and emergency medicine—to
fine-tune Qwen2.5-7B-Instruct with 4-bit NF4 quantization and LoRA adapters. The fine-tuned model
was trained on a single consumer-grade GPU (RTX 5070 Ti, 16GB VRAM) with only 0.92% of the
total parameters being trainable. Experimental results demonstrate that the fine-tuned model achieves
significant improvements over the base model: ROUGE-1 increased from 0.131 to 0.291, ROUGE-L
from 0.126 to 0.291, and MCQ accuracy on the sampled internal test set (198 out of 1,728) improved
from 0.0% to 68.2%, where the base model's 0.0% was primarily attributable to output format
mismatch rather than lack of medical knowledge. Furthermore, on the external KorMedMCQA
benchmark, the fine-tuned model achieved 58.0% accuracy compared to the base model's 55.0%. These
results indicate that parameter-efficient fine-tuning with domain-specific Korean medical QA data can
effectively align the output format and language consistency of general-purpose LLMs for Korean
medical QA tasks, while the enhancement of medical knowledge itself remains limited and requires

further investigation.
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I. Introduction
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II. Related Work

1. Parameter-Efficient Fine-Tuning (PEFT)
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III. Dataset and Preprocessing
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(a) QA Distribution by Medical Domain
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2. Data Preprocessing
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IV. Proposed Method

1. Base Model and Quantization Setup
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2. LoRA Adapter Configuration
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Table 1. LoRA Adapter Configuration
Parameter Value
LoRA Rank (r) 16
LoRA Alpha (o) 32

0.05
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Table 2. Training Hyperparameters

V. Experimental Results

1. Training Loss Curve Analysis

Training & Validation Loss Curve

Train Loss
—— Validation Loss

Parameter Value
Epochs 3
Batch Size (per device) 2
Gradient Accumulation Steps 8
Effective Batch Size 16
Learning Rate 2 x 10
LR Scheduler Cosine
Warmup Ratio 0.05
Weight Decay 0.01
Max Gradient Norm 1
Max Sequence Length 1,024
Optimizer Paged AdamW 8-bit
Gradient Checkpointing Enabled
Precision bfloat16

100 200 300 400 500 600

Step

Fig. 2. Training and validation loss curves over training
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4. Experimental Environment
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Table 3. Experimental Environment

HAEA]

Component Specification
0S Linux (WSL2)
Python 3.135
PyTorch 2.7.1+cul128
CUDA 12.8
GPU NVIDIA GeForce RTX 5070 Ti
VRAM 16 GB
Base Model Qwen/Qwen2.5-7B-Instruct
Quantization 4-bit NF4 (QLoRA)
Fr-rar::z\i\?c?rk Hugging Face TRL (SFTTrainer)
Random Seed 42
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2. Overall Performance Comparison
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Table 4. Performance Comparison: Base Model vs. QLoRA Fine-tuned Model

Metric Base Model Fine-tuned (QLoRA) Improvement
ROUGE-1 (Overall) 0.1309 0.2911 +0.1602

ROUGE-2 (Overall) 0.0277 0.0877 +0.0600

ROUGE-L (Overall) 0.1260 0.2911 +0.1651

ROUGE-L (MCQ) 0.2544 0.7146 +0.4602

ROUGE-L (Short Answer) 0.0119 0.0152 +0.0033
ROUGE-L (Descriptive) 0.1118 0.1436 +0.0318

MCQ Accuracy (AlHub Test) 0.00% 68.20% +68.2%p

MCQ Accuracy (KorMedMCQA) 55.00% 58.00% +3.0%p
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(a) Overall ROUGE Score Comparison

(b) ROUGE-L by Question Type
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Fig. 3. Base model vs. fine—tuned model performance comparison: (a) overall ROUGE scores, (b) ROUGE-L by
question type, (c) ROUGE-L by medical domain, (d) MCQ accuracy by domain.
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5. Qualitative Case Analysis
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Relevance 3.83 3.30 -0.53
Hloja milo] Mag UHy =olA melRd 232
BO =2 ootd A F4E VISR A2 258 Ust
th ol Hjo]A mrlo] AF2of AR dP2 A/dsto]
Y W8S 9 S56M Zdsts v, 1jlFd 22
Sta dlolefe] FFagh g FAlo] S iR A &4
SHAAM LR AR AFTS shAL Z=fetet Zlof] 719
it o, HjojA RE2 o] AFOA Sh=xofolA
=02 o7t F¥Hcode-switching)s= /o] oA
o 9, molRY 22 AR AEM k=] gHES
QLA FAISIA. o] Aiks & A9] TRIFYol 9
st RIAY Mz 55t o=0] o= QAo Aget
3 o] FE Qo] dudef &Ho e 2t 9l
A= AR
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VI. Conclusion

2 A70INE QLoRAS & R
olo] S2tel SLLM njolEdS 45t 1 &S
A0 ASSAT 50 AT s 4
g1} e

AR, Al Hub *B40]& OJStA|A] Hlojg] 17,2802 &
5t Instruction Tuning2 £3f], Qwen2.5-7B-Instruct &

2o) @ oz QA 45 RvsHl A
ROUGE-L 131.0%(0.126—0.291), Uj§- ZAA] JHE2

68.2%p(0.0%—68.2%) 7§ =] qict

Sa), FA] wetolE]o) 0.92%3 % 3H551= QLORA 7]
W eh=ol o' =Hjlo] AEsto}, WY AR
GPU(RTX 5070 Ti, 16GB VRAM) oAl °F 7GB9] H &2
2 mRIEYo] 71538RS sHlskgic). o= Dettmers S
[7]o] AAlRt QLoRAS} H|Re] B&/dS =0 9r &=
HiQloflA RjEheler Zoz, %Lxﬂﬁ.od st AR} tize]
8RS Butoen F4 7o) AAYS Fusleir)

ceh, 2 Aol AAlg 3%13 Q7 Bxo| n2 EE}
Qlo 2], AlA| AAF &0 AW AL35H7]0= sHA7T Q)
ot 249 MCQ AEE0] 68.2%=, oF 31.8%2 QHo]
LA, ol 9l& RN RS FE AlgoR o
o1 5 Sl ThI 2 2 29 ol AL ALY
gteA] oJ7 A-27}19] Z+=(human oversight) stof] &
A cko 20t ehgElojo} sluf, ZUA Aot Ay &
T2 AREEoJA = oF "ok

A, @] F HiX|otE(KorMedMCQA)OlIA - 3.0%p]
A4S Eolslol, st =uiel 9] o A|4o] ojgt 2 4

A

O

o] dute} 7hsds Y

ey 2 Agtolls 2 7] AT EXRY. B8R
2 A&y 23049 ROUGE-L Aol Altjxlo 2 xiok
ow, o]= ROUGE HEH xHA9] AL} el B
cropgo] 71918t} w3t Xt 7 dole 243 (Ut
66.8%)0] EAf5te], HlolE7t A2 352latak(4.2%)ol|A]

E g oR e 45e uer. ofga, B A7 3
PR EAEA 172870 5 99 35 S 198200]
Ofsl 2290, ol AR EJAEAC] oF 11.5%)]
Systol Zue] chEgoll @AVH ek 54 BlAEA]
& W7k ¥ ugo] Waskh KorMedMCQA 3710l
Ao] 3.0%p a4 O4A] 20083 A J1E02, EAN &
o)y A%ol F7kz a7 E3t, O oA i}
of Bl Aol LoRA sfolmutztu]Elo] chgt ablation
study 23511 28 A= 2 @79 ol

SFS

kS oML RS 728 HIsES. gAlsh & olct A

o2
A, BERTScore, G-Eval < QU]&X m7} A5 F7t=2
=Qsto] A4 Guol FLL bk Y] 592 Ba
7} olck. &), DPO(Direct Preference Optimization)t:
RLHF(Reinforcement = Learning from  Human
Feedback) 7]5t] Zg&(Alignment) t5-5 &3l %2 QF
At AlEde A=K 4 dois, 16l AlA,
RAG(Retrieval-Augmented Generation) 7]¥x}e] AgH
2 530, A 9J3t slo|=ekolg UARIOR Blefshs Al
B S A 5 Qri17], U, A=t 7t ol 2
P2 dllash] Yt ol S573{(data augmentation) 714
o] xgo] Waslr
obgal, olm ool LLME 283 #9

(hallucination) 2 9lst BASksE My ggo SkR} oF
Ao ARl Y= 24 & 2
ol RAG 7[8te] 24 ZA d52 &
<5 Hsk, A g9 digh AlEle Aa 4 "
/o] =2 B dist Ats Fa HAYUEY] =9
ol Wastct 3IH0R o) Al AARE oAl 2%
(human oversight) stof] & T3l2 2h2E|ojof 50,
S5 oA 2002 ALgEloAL o gt
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