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Abstract

This study evaluates the performance of an automated clinical note generation system from
unstructured doctor-patient dialogues to alleviate the clinical documentation burden on medical
staff. To address the challenges of data sensitivity and scarcity in the medical domain, we applied
QLoRA fine-tuning to small language model (SLM) specifically LLaMA 3.2 3B, Qwen3 4B, and
Gemma3 4B and compared their performance with the In-context Learning approach of a Large
Language Model (LLM), Gemini 2.5 Flash. Experimental results demonstrated that the Fine-tuned
Qwen3 4B achieved the highest section classification accuracy of 0.735. In terms of summarization
performance, Gemma3 4B proved most efficient with a leading Aggregate Score of 0.613.
Meanwhile, Gemini 2.5 Flash showed strengths in linguistic fluency, outperforming others in
ROUGE-2 and BLEURT metrics. These findings suggest that Fine-tuning SLM using QLoRA
offers a practical and effective alternative for structured clinical documentation in secure medical

environments where data privacy is paramount.
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Prompt

Instruction

Summarize the following doctor-patient
dialogue into its correct clinical section.

Train Test

Dialogue
{train_dialogue_note}

Dialogue
{test_dialogue_note}

Summary
{train_summary_note}

Summary
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Prompt

Global Instruction

You are a clinical summarization and classification Al.
Your primary task is to identify the single, most
appropriate section code from the list provided below,
and generate the corresponding summary. NOTE: The 3
examples below were selected RANDOMLY and may
not be relevant to the TEST CASE. You MUST use your
own judgment to classify the test dialogue.

Critical Constraint

You must only output the final summary. Your response
must begin with ONE code from the AVAILABLE CODES,
followed by '#', and contain no other introductory or
concluding text.

| Available codes — 20 class Section Header

= = —— Few-shot
Dialogue: {train_dialogue_note} (3-shot)
Summary: {train_summary_note}

Test Case
Dialogue: {test_dialogue_text}
Summary:

%l 4. Geminig 8%t ICL Z8=ZE 7=
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TEH A 20S WART A SR Lok
Abololl A #& EFstan FUHAHQ HiEES
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ol Train wlolE Al 2oz AAH 34E o
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S 18l Test dlo]EJA12] DialogueE A A g},

v. o4

1. Datasets
MTS-Dialog+= 1700%2] ©JAF-2k2} tj s} o] g
Ao th33].

Dialogue

Doctor: Can you tell me about your family? Did anyone
in your family have any medical problems? Patient: Oh
yeah. My father died of thoracic aortic aneurysm. He
was seventy one years old at that time. Doctor:
Anything for anyone else? Patient: Yeah, my mom died
of stroke. She was around eighty one.

Summary

Section header
FAM/SOCHX

Section text
Father died of a thoracic aortic aneurysm, age 71.
Mother died of stroke, age 81.

12l 5. MTS-Dialog Gll0l&] 7%

o 5w B HolgAle FxE
Dialoguev= 3-21¢] 7154, 278, A ¥ o o
gk oJALel B2t 2Ho] distE A Enh AA Y=
tf 3} -zr?ﬂ]% AR el A o]l ‘?:Vo AR FEZ 5
FeE %12 F2 O7H-4 A
o}, oAl €] ﬂﬁ} 7Y 9 AL A
2 FAM/SOCHX Aoz #5sof glry A4
g2EE skt W&-& omxlo]l #Estr] 47
goky "¥xEolt),

¥ 1. Section Header &7/

Section Header
Family History/Social History of Present Illness

History (fam/sochx)
Past Medical History

(genhx)

Chief Complaint (cc)

(pastmedicalhx)
Past Surgical History
) allergy
(pastsurgical)
Review of Systems (ros) medications
assessment exam
diagnosis disposition
Emergency Department
plan
Course (edcourse)
immunizations imaging
Gynecologic History
procedures
(gynhx)
other_history labs

f_s}{l}oﬂ AH&-gF o8] 7R+ Train, Validation,

Test 717} 1201, 100, 20070& AH&-3F3



2. Models

B Ao A Aote BlAaE 887 98 &
E 22 SLM3 A48 LLMES 2% &g39h
SLM& LLaMA32 3B, Qwen3 4B, &1l

Gemma3 4BE AAstlon, g&%<l setry
A z4S 98 QLoRA 78S #g3to] g4
Astdrt, #48 LLMS! Gemini 25 Flash
ICL 2o g e AAsty F7FE 3519 T).
¥ 2% SLM 8hgroll Ag-3E slo] ¥ ofebn| E = e}
Het

2. 24 b5 stolmm2to|g

FH

Hyperparameter Value
Max sequence Length 512
Batch Size 4
Learning Rate 5e—5
Optimizer Paged AdamW(32—bit)
Epochs 10
Weight Decay 0.001
BF16 True
LoRA Rank 8
LoRA Alpha 32
Target Modules q, k, v, o_proj
LoRA Dropout 0.05
Quantization Type NF4
Double Quantization Enabled
Gradient Accumulation Steps 4
Warmup Ratio 0.03
LR Scheduler Cosine

Aol ARE3E st=slel= NVIDIA RTX 3060
12GBeolt}. 93 dlo]E 9] Max sequence Lengtht
5122 A4 s}aiu}. Batch Sizet= 42 A 43} =
glo} FatE Ha3sll ) Learning Rate 5e-5
2 AAsto] A FES CipsEcATH
Optimizer®+ WXE# J&°] = Paged
AdamW(32-bit)E AH&-3Fth. AA Epochst 10
ox AAsYE RHE WAE 9T Weight
Decay 0.0013} ¢4 AH =5 €13 BF16 True A
4e AHE3tt. QLoRAS 4] sleju]Eldl
LoRA Rank+ 8, LoRA Alphat 32% A4 3}o] 3}
T 8% =9°on Target Modules® q_proj,
k_proj, v_proj, o_proj& A7gste] ojdlAde] A
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glojofo g5S FHFAIFTE =3 LoRA Dropout
0008 &3 Azt AsS AEEda,
Quantization Typel. & NF4Z A ®3l3 Double
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3. Results
B3 2 Eotzan
AEA | MAEA | AEA | Gemini
LLaMA Qwen3 Gemma3 2.5
3.2 3B 4B 4B Flash
Classification

Accuracy | 0725 | 0.735 | 0.680 [ 0.640
Summarization

ROUGE-1 | 0.396 0.401 0.407 [ 0.381

ROUGE—2 | 0.170 0.172 0.159 | 0.185

ROUGE-L | 0.340 0.341 0.339 | 0317

BERT

0.897 0.896 0.897 0.892
Score

BLEURT 0.537 0.536 0.534 0.550
Aggregate Score
| 0610 [ 0611 | 0.613

¥ 32 9y AnEs =23 Ad2 Uehadh
ROUGE-17} ROUGE 2% 717} @l ghojs} ¢l
H F gy F5S ZA3F= ngram 7|HF A%
o}, ROUGE-1& Uj-¢] %24
ko] AL et E
kel Ay =L AddAE

T o

foroh o o @ -

for o -1
I Y

f

HoltH34]. BERTScore: /\Hﬂ
BERT«] Contextual Embeddings<
A9 Az £2 71e] E8dE :/A}

Ab3lal, o] = Greedy Matchings %

)

o o
9
o,



102 2026 042 AOLED|IC|OA G

H 24 2L Z2AE A 7 A Zo|tH3bl.
BLEURT+= BERT 7|ute] st5d dAE AA 9
7 ARR, F4d oy AR s
w7t vlole AaF EAE Ak TH36). H7t

Aol FEA ALE 918 ROUGE-1 Fl,
BERTScore F1, BLEURT-20¢] #Hv& %4
Aggregate ScoreZ AJAFHH3T].

A48 A3, AR EF Agdes mAxRgd
Qwen3 4B7} 0.735% 71 =2 AS=E Hh
Gemini 25 Flashi= 0.6400.2 Aojd oz v i
T 45s B, ol 54 =l S3hd A
A AA Agshr] faide mAEA ol 2 9F
< 7% A& YeEhdt ROUGE-1914+ Gemma 3
4B7} 0407= 714 $-8k Sl e, ROUGE-Lol A=
Qwen3 4B7F 03412 T43% 95 dsith
ROUGE-2¢141+= 0.185, BLEURT| A= 0.550%
Gemini 25 Flash7} 973t Aol =& H4E
G gttt BERTScore= 0.897% LLaMA 3.2 3B}
Gemma3 4B7}, Aggregate Scorei= 0.613%
Gemma3 4B7}F 427F Zfol& §-915 Heklv A

A3}, SLMe] s E7F E4 2 Gemini 2.t

3
o M=o g3 o] f= EA Tio] folH 2
9

e

ol
ol
v
o o
> o

o=

vl Al 27 o] ICL WA Rrh Juldh v}l 285
TYLE AR 53], o5 A

gk % A AAE

spvlEE 7R A 2

Ql 53} dlole Aol tigt

o frolvet S Frt

o

1
Lok
oy b
ol
ol
rlr
=
%0,

2 oox 2
8ooff &

ok
1o
o
i
olf
— 8

i oo g
i)
ol
ot
>
o

o
Jo
ro

ol
ol

& s o= dlofE 9] Rz Akl A
A s dsty] flelA s s FRE Wk
QLoRA 7]9te] SLM w4274 WS Agtst
LLMe] ICL 342} vl 24 ste] Hel 24
o AFA &8 7%**-% golatait. w5 o]
E 728 sl 49 4

bl A B ROl A
0 s}

o
e

o

rfi o
k!

=

_rg
o,
2
>l?~
"
lm
lm

VT des Hon, ol e =Y
Gemini 25 Flash®t} & 22 Yepsith Q.oF
A% Z2Ho| A% Gemma3 4B7} Aggregate Score
061303 7].x¥ =0 _7.:31 xJ/\_E_ ul-/\qg}uq SLMQ]
EE8E Z38t4th. Gemini 25 Flashi
ROUGE*ZQ]— BLEURT A %oA iy oz w
A5E 155, Bae $R4 o FE
ol At wd S50 BHE wolFenh
402 o5 4% doltg fo] nebgel A4
ANAT AL Aol AR BAcIAE
QLoRAE &-8-3F SLM2] wAxAo] AA

Obo
=

b3

T
il

o do o

dqn xo H
Mo mope oo fo

94 5—*1?@}*]*5“ 258 5

F AT ME A4 o

o) =g g3l 2oHESl 2
al

o 2

N

\

O:

REFERENCES

[1] M. W. Friedberg, P. G. Chen, K. R. Van Busum,
F. Aunon, C. Pham, ]J. Caloyeras, and M. Tutty,
“Factors  affecting  physician  professional
satisfaction and their implications for patient
care, health systems, and health policy,” Rand
health quarterly, vol. 3, no. 4, pp. 1, 2014.

[2] S. Babbott, L. B. Manwell R. Brown, E.
Montague, E. Williams, M. Schwartz, and M.
Linzer, “Electronic medical records and physician
stress in primary care: results from the MEMO
Study,” Journal of the American Medical
Informatics Association, vol. 21, no. el, pp.
el00-el06, 2014.

[3] B. G. Arndt, J. W. Beasley, M. D. Watkinson, J.
L. Temte, W. J. Tuan, C. A. Sinsky, and V. J.
Gilchrist, “Tethered to the EHR: primary care
physician workload assessment using EHR event
log data and time-motion observations,” The
Annals of Family Medicine, vol. 15, no. 5, pp.
419-426, 2017.

[4] S. Garfan, A. H. Alamoodi, B. B. Zaidan, M.
Al-Zobbi, R. A. Hamid, J. K. Alwan, and F.
Momani, “Telehealth utilization during the
Covid-19 pandemic: a systematic review,”
Computers in biology and medicine, vol. 138,



pp. 104878, 2021.

[6] S. Corby, J. A. Gold, V. Mohan, N. Solberg, J.
Becton, R. Bergstrom, and J. S. Ash, “A
sociotechnical multiple perspectives approach to
the use of medical scribes: a deeper dive into
the scribe-provider interaction,” AMIA Annual
Symposium Proceedings, pp. 333, Washington
D.C., USA, Mar. 2020.

[6] N. Naik, B. M. Hameed, D. K. Shetty, D. Swain,
M. Shah, R. Paul, and B. K. Somani, “Legal and
ethical consideration in artificial intelligence in
healthcare: who takes responsibility?,” Frontiers
in surgery, vol. 9, pp. 862322, 2022.

[71 Y. Dai, H Li, C. Tang, Y. Li, J. Sun, and X.
Zhu, “Learning  low-resource  end-to-end
goal-oriented dialog for fast and reliable system
deployment,” Proceedings of the 58th Annual
Meeting of the Association for Computational
Linguistics, pp. 609-618, Online (Seattle,
Washington), USA, Jul. 2020.

[8] A. Goldberger, L. Amaral, L. Glass, J. Hausdorff,
P. C. Ivanov, R. Mark, and H. E. Stanley,
“PhysioBank, PhysioToolkit, and PhysioNet:
Components of a new research resource for
complex physiologic signals,” Circulation, vol.
101, no. 23, pp. e215-e220, 2000.

[9] G. Michalopoulos, K. Williams, G. Singh, and T.
Lin, “MedicalSum: A guided clinical abstractive
summarization model for generating medical
reports from  patient-doctor  conversations,”
Findings of the Association for Computational
Linguistics: EMNLP 2022, pp. 4741-4749, Abu
Dhabi, United Arab Emirates, Dec. 2022.

[10] T. Brown, B. Mann, N. Ryder, M. Subbiah, J.
D. Kaplan, P. Dhariwal, and D. Amodei,
“Language models are few-shot learners,”
Advances in  Neural Information Processing
Systems, pp. 1877-1901, Online (Vancouver,
Canada), Dec. 2020.

[11] E. Perez, D. Kiela, and K. Cho, “True few-shot
learning with language models,” Advances in
Neural Information Processing Systems, pp.
11054-11070, Online, Dec. 2021.

[12] A7HE, A=, 23 Qo wde] 54 ErQl
A9 IR RAG o A% Hli-2el g
AREAG FHoR” AnERelAd, A143,
A6%, 50-59%, 20251 64Y

(3] A%, AAE Azu, Btel B4 2o B4
3HE 9% Gemma2 2@ wAEA W LZFIE
74, anlERfjojxY A14A, A8E, 81-90%,
20251 8¢

[14] AEd, AL, SLLM & o]&3 u=d v

AEA P9 AZARPA AW AL AT

20263 042 ADLED|C|OAN Y 103

2nlEnjr]ol Y A|144, ARE, 42-49%, 20251
¥

[15] J. Giorgi, A. Toma, R. Xie, S. Chen, K. An, G.
Zheng, and B. Wang, “Wanglab at
MEDIQA-Chat 2023: Clinical Note Generation
from Doctor-Patient Conversations using Large
Language Models,” Proc. o the 5th Clinical
Natural Language Processing Workshop, pp.
323-334, Toronto, Canada, Jul. 2023.

[16] Y. Mathur, S. Rangreji, R. Kapoor, M. Palavalli,
A. Bertsch, and MR. Gormley, “SummQA at
MEDIQA-Chat 2023: In-Context Learning with
GPT-4 for Medical Summarization,” arXiv
preprint arXiv: 230617584, pp. 1-13, Jun. 2023.

[17]1 X. Tang, A. Tran, J. Tan, and M. Gerstein,
“GersteinLab at MEDIQA-Chat 2023: Clinical
Note  Summarization  from  Doctor-Patient
Conversations through Fine-tuning and
In-context Learning,” arXiv preprint
arXiv:2306.05001, pp. 1-11, May 2023.

[18] A. Sharma, D. Feldman, and A. Jain, “Team
Cadence at MEDIQA-Chat 2023: Generating,
Augmenting and Summarizing Clinical Dialogue
with Large Language Models,” Proc. of the 5th
Clinical Natural Language Processing
Workshop, pp. 228-235, Toronto, Canada, Jul.
2023.

[19] P. Mishra and R.T. Desetty,
“NewAgeHealthWarriors at MEDIQA-Chat 2023
Task  A: Summarizing Short  Medical
Conversation with Transformers,” Proc of the
bth  Clinical Natural Language Processing
Workshop, pp. 414-421, Toronto, Canada, Jul.
2023.

[20] A. Dubey, A. Jauhri, A. Pandey, A. Kadian, A.
Al-Dahle, A. Letman, and R. Ganapathy, “The
llama 3 herd of models,” arXiv e-prints, vol.
abs/2407.21783, pp. 1-92, Jul. 2024.

[21] J. Ainslie, J. Lee-Thorp, M. De Jong, Y.
Zemlyanskiy, F. Lebron, and S. Sanghai, “Gqa:
Training generalized multi-query transformer
models from multi-head checkpoints,” arXiv
preprint, vol. abs/2305.13245, pp. 1-6, May 2023.

[22] W. Xiong, J. Liu, I. Molybog, H. Zhang, P.
Bhargava, R. Hou, and H. Ma, “Effective
long-context scaling of foundation models,”
Proceedings of the 2024 Conference of the
North American Chapter of the Association for
Computational Linguistics: Human Language
Technologies (Volume 1: Long Papers), pp.
4643-4663, Mexico City, Mexico, Jun. 2024.

[23] R. Rafailov, A. Sharma, E. Mitchell, C. D.
Manning, S. Ermon, and C. Finn, “Direct



104 2026'3 048 ADED|CIO{X'H

preference optimization: Your language model is
secretly a reward model,” Advances in Neural
Information Processing Systems, pp.
53728-53741, New Orleans, USA, Dec. 2023.

[24] A. Yang, A. Li, B. Yang, B. Zhang, B. Hui, B.
Zheng, and Z. Qiu, “Qwen3 technical report,”
arXiv preprint, vol. abs/2505.09383, pp. 1-85,
May 2025.

[25] G. Team, A. Kamath, J. Ferret, S. Pathak, N.
Vieillard, R. Merhej, and S. Igbal, “Gemma 3
technical  report,”  arXiv  preprint,  vol.
abs/2503.19786, pp. 1-52, Mar. 2025.

[26] I Beltagy, M. E. Peters, and A. Cohan,
“Longformer: The long-document transformer,”
arXiv preprint, vol. abs/2004.05150, pp. 1-16,
Apr. 2020.

[271] M. T. Luong, H. Pham, and C. D. Manning,
“Effective approaches to attention-based neural
machine translation,” arXiv preprint, vol.
abs/1508.04025, pp. 1-11, Aug. 2015.

[28] G. Team, P. Georgiev, V. I Lei, R. Burnell, L.
Bai, A. Gulati, and B. O. Batsaikhan, “Gemini
15! Unlocking multimodal understanding across
millions of tokens of context,” arXiv preprint,
vol. abs/2403.05530, pp. 1-104, Mar. 2024.

[29] G. Comanici, E. Bieber, M. Schaekermann, L
Pasupat, N. Sachdeva, 1. Dhillon, and M. Velic,
“Gemini 2.5: Pushing the frontier with advanced
reasoning, multimodality, long context, and next
generation agentic capabilities,” arXiv preprint,
vol. abs/2507.06261, pp. 1-118, Jul. 2025.

[30] N. Du, Y. Huang, A. M. Dai, S. Tong, D.
Lepikhin, Y. Xu, and C. Cui, “Glam: Efficient
scaling of language models with
mixture-of—experts,” International Conference on
Machine Learning (ICML), pp. 5547-5569,
Baltimore, Maryland, USA, Jun. 2022.

[31] A. Vaswani, N. Shazeer, N. Parmar, J.
Uszkoreit, L. Jones, A. N. Gomez, and L
Polosukhin, “Attention is all you need,”
Advances in Neural Information Processing
Systems, pp. 5998-6008, Long Beach, California,
USA, Dec. 2017.

[32] T. Dettmers, A. Pagnoni, A. Holtzman, and L.
Zettlemoyer, “Qlora: Efficient finetuning of
quantized llms,” Advances in Neural Information
Processing Systems, pp. 10088-10115, New
Orleans, USA, Dec. 2023.

[33] A. B. Abacha, W. W. Yim, Y. Fan, and T. Lin,
“An empirical study of clinical note generation
from doctor—patient encounters,” Proceedings of
the 17th Conference of the European Chapter of
the Association for Computational Linguistics,

pp. 2291-2302, Dubrovnik, Croatia, May 2023.

[34] C. Y. Lin, “Rouge: A package for automatic
evaluation of summaries,” Text Summarization
Branches Out, pp. 74-81, Barcelona, Spain, Jul.
2004.

[35] T. Zhang, V. Kishore, F. Wu, K. Q. Weinberger,
and Y. Artzi, “Bertscore: Evaluating text
generation with bert,” arXiv preprint, vol.
abs/1904.09675, pp. 1-20, Apr. 2019.

[36] T. Sellam, D. Das, and A. Parikh, “BLEURT:
Learning robust metrics for text generation,”
Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics, pp.
7881-7892, Online, Jul. 2020.

[371 A. Pu, H. W. Chung, A. Parikh, S. Gehrmann,
and T. Sellam, “Learning compact metrics for
MT,” Proceedings of the 2021 Conference on
Empirical Methods in Natural Language
Processing, pp. 71-762, Online and Punta Cana,
Dominican Republic, Nov. 2021.

2025 d7dA - AGUFga AlAZE
Aol gt Axpa A

s 98y, LLM, 443 AD>




