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Collaboration of Large and Small Language Models with Iterative Reflection Framework for
Clinical Note Summarization

ZHONG Boyang,RUAN Tong,ZHANG Weiyan and LIU Jingping

School of Information Science and Engineering, East China University of Science and Technology,Shanghai 200237, China

Abstract Generating clinical notes from doctor-patient dialogues is a critical task in medical artificial intelligence. Existing me-
thods typically rely on large language models(1.L1LMs) with few-shot demonstrations but often struggle to integrate sufficient do-
main-specific knowledge.leading to suboptimal and less professional outputs. To address this problem,a novel iterative reflection
framework is proposed, which integrates Error2Correct example learning and domain-model supervision, aiming to improve the
summary quality of EMR. Specifically,a large-cale language model integrating the Error2Correct example learning mechanism is
designed for the initial generation and continuous potimization of EMR,and the medical domain knowledge is integrated into the
pre-generation stage. Then. this paper uses a lightweight medical pre-training language model, fine-tuned with domain data, to
evaluate the refined content.integrating domain knowledge in post-generation. Finally.an iterative scheduler is introduced, which
can effectively guide the model to optimize in the continuous process of reflection and improvement. Experimental results on two
public datasets demonstrate that the proposed method achieves state-of-the-art performance. Compared with the fine-tuned large
language models, the proposed method improves overall performance by 3. 68% and 7. 75% on IMCS-V2-MRG and ACI-BENCH
datasets.

Keywords Large language model, Medical pre-trained model, Summarization generation, Large model reflection, Collaboration of

large and small models
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Table 1 Details of datasets
IMCS-V2-MRG ACI-BENCH
A% RiEE WMRE IEE REE WKE
A% 2039 524 200 60 20 120

AEFHKE 640 624 769 6443 6124 6582
ARk E 88 84 111 2649 2716 2703
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Table 2 Experiment result on IMCS-V2-MRG dataset

Method Rouge-1 Rouge-2 Rouge-AVG Meteor BertScore All-FAVG
BART+FT 51.13 32.58 41. 86 22.49 75.48 45.42
T5-Pegasus 52.69 33. 80 43.25 23.72 76. 44 46.66
ERNIE;, +BART 51.26 32.87 42.07 22.26 75.64 45.54
ERNIE, +T5 53.95 35.12 44,54 24. 44 76.80 47.58
IDEA-CCNL 55.18 39.71 47. 45 26. 44 78.49 49.96
Qwenl. 5-7B 53. 60 34.31 43.96 35.40 78.03 50. 34
ChatGLM3-6B 52.04 36.91 44.48 34.68 78.20 50. 46
SumCoT 49.76 31.26 40.51 30.08 77.63 47.18
ChatGPT+ICL 51.18 32.51 41. 86 35.07 75.64 48.61
GPT4+1CL 52.13 33.72 42.93 37.75 75.71 49. 83
REFLEXES(Ours) 58.42 39.86 49. 14 39.44 78.75 54.12
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Table 3 Experiment result on ACI-BENCH dataset

Method Rouge-1  Rouge-2 Rouge-Avg Meteor Bertscore All-Avg
BART 49.19 20. 84 35.02 35.45 63.02 42.13
BioBART 45. 81 18. 40 32.11 31.09 62.73 39.51
BART+FT 47.25 19.08 33.17 33.85 61.63 40.45
Mistral-7B 416.74 22.17 34.46 32.49 67.50 42.23
Vicuna-7B 41.82 18. 29 30. 06 28.70 68.53 39. 34
Llama3-8B 48. 32 22.73 35.53 35.98 69.17 44.05
SCORE-INSTRUCT 48.12 22.45 35.29 35.50 68. 81 43.72
SumCoT 29.09 9.02 21.90 19. 06 53.12 27.62
ChatGPT+ICL 45,27 18. 31 31.79 27.42 65.02 39.01
GPT-4+ICL 51.10 21.91 36. 54 33.83 67.69 43.65
REFLEXES(Ours) 59.36 29.28 44.32 46. 45 72.12 51.80

HYE R PR EHE 5 0 DL 458

DARSCIFETE T A 8 br 1 #8358 T £z 56 #F (State-of-the-
Art,SoTA) [ P RE . FoA A PE A3 B 36 UE . 4% 5 M . 1% 7 36 4
IMCS-V2-MRG # 48 4 © #3124 0 58 #F 19 £5 % Chat-
GLM3-6B(Z i () B - Y M RE 42 T 1 3. 66 41 45 15
£ ACI-BENCH ##E4E I, A F H At Je ¥ 19 Llama3 (438
TR BT P RR SR T T 7. 75 A E 43 A

2) 5 PR B K IFE B (40 SumCoT , ChatGPT + ICL FiI
GPT-4+ICL) M It ,REFLEXES &5 B3 69 tEaE4R T+, B
kB, 75 IMCS-V2-MRG #l ACI-BENCH %4 4 I, #H &
F GPT-4+I1CL,REFLEXES 7 All-Avg L5127 T 4. 29
AH M 8 15 ANTHE . XEIT OKRERMEH
“Error2Correct” 7 {5 F1 45 $af A5 760 W B %) Js2 JELHE 28 1 A8 RSk

3) R AR I KO8 5 A A 7R T A S 2k L g P 3R IR AT
ARSI EATI R B0 L AR X T BT A DR 3, X R B, 33k Lk A5 7Y

B 7EAT: 55 4 B3R B AT 7 60 3 JE % i REFLEXES
ROMERE . T RE Y SR PRI o A YR A A A A R R R R R i
O, B BRI E RR. FSC e gs Rk 2 B,
5.3 SHTEMEE

AAT B e IMCS-V2-MRG #4214 5 BOAE 22 Y
B NG Ay AT T AR A M, AL 45 “ Error2Correct” 7 5] A
U R W 5 SR U5 o BT R AE SR AT T SR S T 5 B O
LB ER T REFLEXES M8 T 24 /i Je i (SoTA) 7 ik
AR
5.3.1 “HEIR- BT AT E I

REFLEXES HEZE $2 5 7 fiff FH “# 1R- 15 00 7 7% 6l Ok 48 5
ChatGPT Az B = 5 2 189 HL T 7 - S T 856 IE 3 — 2% W 114 75 3%
PRI T WA, 8 1K D fHTHA
“Error2Correct” 7~ fi] . {445 % T “ ErrorPrompt”, {{ 45 t} — 4~
FEIRFIE MG Z XN A IEA Rk, L8 28R ) AUERT



BV A B TR/ AL A5 5 5 28 AR SEURE 2 A4 HL TR AR AR T ik

299

—A“Error2Correct” /"l , LB LER UK 4 5], MG
FTLIWLZE £, 2545 W “ ErrorPrompt” i, LLMs AE J& A9 HL T~ 9
D3 Jo ik 53R R X SRR TN R AT AR AR A R R )
BE, BRR UL, ARSI 1 BT A SO I SR RE T R

T L 94T A ARSI 2 P IR ) R 2 X
TR RE 7 A2 R R L X R W 2 AR G DR T H A
WAEBI S . ORI, 75 e B R i A 54 R o R A PR 2%
AR S K R BB BR ) 2 A

# 4 Error2Correct 71 il 55 45 3 %5 754 W5 B 43 B 52 56

Table 4  Analysis of Error2Correct demonstrations and domain-model supervision

Method Rouge-1 Rouge-2 Rouge-Avg Meteor Bertscore All-Avg
Error2Correct Variant 1 56. 24 36.81 46.53 38.17 77.50 52.18
Demonstrations Variant 2 56. 29 37.23 46.76 38.50 77.38 52.35
Variant 3 57.69 38.28 47.89 39.33 77.99 53.27
Domain-model Variant 4 57.57 38.51 48. 04 39.43 78.10 53.40
Supervision Variant 5 57.66 38.69 48.18 39.50 78.23 53.52
REFLEXES(Ours) 58.42 39.86 49.12 39.44 78.75 54.12
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Fig. 2 Comparison results of different supervised models
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3. mimREESEW)

ChatGLM 3’s results :

diarrhea....

Our results:
Diarrhea for 4 days.
Ground truth:
Diarrhea for 4 days.

4
BRI AT (578

A N

A 7-month-old baby is fed mixed feeding. In the past 3 or 4 days, he has had

ChatGLM 3's results :
Cheryl is a 34-year-old female ...
- Medical Reasoning: ... X-ray of her lumbar spine is unremarkable .

Our results:
Cheryl is a 34-year-old female ...

2. A BT WIES AR (ERSE)

ChatGLM 3’s results :

symptoms ... " i
Our results: HE TR

The child had nasal congestion from 4 to 7 am. The symptoms...
Ground truth:

A 2-month-old child had nasal congestion for one week....

.

The child's nose is blocked and blocked from 4 to 7 a.m. every day, and the

- Medical Reasoning: ... X-ray of her lumbar spine is unremarkable,
as seen in the previous x-ray. Lab results show no signs of infection or

elevated white blood cell count.

Ground truth:

Ms. Ramirez is a 34-year-old female ...

- Medical Reasoning: ... Her lumbar spine x-ray was unremarkable
and her recent labs were normal. I believe she has a lumbar strain.

B4 =B

Fig. 4 Case studies
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Table 5 Human evaluation result
Method Fluency Relev. Comple. Halluc. Sysle
Reference 4.895 4.905 4. 805 4.940 4.980
GPT4+1ICL 4. 800 4,545 4. 845 4.905 4.270
ChatGLM3 4.275 4.750 4.765 4.785 4.775
REFLEXES(Ours) 4.835 4. 845 4. 835 4. 940 4. 850
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