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results based on symptoms observed in medical images. This technology can ease the workload of radiologists, reduce diag-
nostic errors due to a lack of experience, and expedite clinical workflows. Medical report generation shares similarities with
image captioning, but it presents two unique challenges: generating long texts and handling the imbalance in medical data
distribution. Current approaches often train models specifically for medical report generation from scratch, relying on lim-
ited publicly available data. Due to their insufficient capability to fuse visual and textual features and generate rich,
detailed information, these models frequently underperform. Large multimodal models (LMMs) , which combine visual
encoders and large language models (LLMs), are well-suited for image-based text generation tasks. They have the capability
to recognize images and generate high-quality, knowledge-rich text, making them promising candidates for medical report
generation. However, the application of LMMs in Chinese medical report generation remains in its early stages, particu-
larly in terms of accurately understanding medical images and generating normatively correct medical reports. Moreover,
these models often suffer from hallucination issues, where the generated responses appear logical but are factually incorrect
or unfounded. This paper proposes a Chinese medical report generation model that integrates semantic fine-tuning and
cross-modal retrieval-augmented (FRCM) to address these challenges. Method Building upon the LMM framework of
LLaVA, this paper fine-tunes and adapts the visual encoder and LLM to the medical domain. A collaborative training strat-
egy that incorporates general data and domain-specific data is proposed, and a novel cross-modal retrieval-augmented strat-
egy is introduced during the inference phase. The paper also translates the largest dataset in the medical report generation
domain, MIMIC-CXR, into Chinese and uses it as in-domain data for research on Chinese medical report generation.
First, considering the unique characteristics of medical images and Chinese medical reports, the corresponding modules of
LLaVA are replaced with a medical visual encoder that is trained on a large volume of medical images and a medical LLM
optimized for Chinese language processing. This adaptation enhances the model’ s capability to effectively handle medical
data. Second, a two-phase training strategy is employed, using general and domain-specific data. In the first phase of train-
ing, only the projection layer is trained. The domain-specific data facilitates medical image-text alignment, ensuring the
model can accurately link medical images to their corresponding textual descriptions. In the second phase of training, the
parameters of the projection layer are further updated, and a low-rank adaptation method is applied to fine-tune the LLM.
The domain-specific data enhances the model’ s capacity to generate professional Chinese medical reports, while the gen-
eral data improves the model’ s understanding of complex instructions. Throughout the entire training process, medical
images are processed by the visual encoder to extract global and local feature vectors. These local feature vectors are then
projected into visual embeddings that align with the dimensionality of the LLM’ s embedding space. Medical reports and
instructions are tokenized into text embeddings by the tokenizer of the LLM. These text embeddings, along with the visual
embeddings, are input into the LLM during training. Finally, a cross-modal retrieval-augmented strategy is proposed to fur-
ther mitigate the hallucination problem in the model. This strategy incorporates a cross-modal similar report retrieval mod-
ule. During inference, the global feature vectors produced by the visual encoder are layer-normalized and input into the
report retrieval module, which performs a cross-modal retrieval from the image to relevant reports. The retrieved similar
reports are then used as supplementary knowledge, providing additional context to the LLM. This approach helps reduce
hallucinations, thereby improving the accuracy and robustness of the generated medical reports. Result On the Chinese
MIMIC-CXR dataset, the FRCM model outperformed other Chinese medical report generation models, such as XrayGLM
and XrayPULSE, achieving notable improvements in several evaluation metrics. Specifically, FRCM showed increases of
10. 4%, 10. 1%, 9.7%, 9. 1%, 6.6%, 9.4%, and 38.4% in BLEU-1, BLEU-2, BLEU-3, BLEU-4, recall-oriented
understudy for gisting evaluation-longest common subsequence (ROUGE-L) , metric for evaluation of translation with
explicit ORdering (METEOR) , and consensus-based image description evaluation (CIDEr) scores, respectively. When
compared to models fine-tuned on LLaVA and Qwen-VL, FRCM also achieved score improvements of 4. 1%, 3. 1%,
3.3%, 3.6%, and 25.1% in BLEU-1, BLEU-2, BLEU-3, BLEU-4, and CIDEr, respectively. Ablation experiments
revealed the effectiveness of the proposed approach. Data ablation demonstrated that adding diverse general data during
training enhances the model’ s capability to follow complex instructions, resulting in better utilization of additional knowl-
edge and improving the quality of the generated medical reports. Module ablation further highlighted the importance of key

components within FRCM, which substantially enhance its performance. Three case studies demonstrated that the Chinese
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medical reports generated by FRCM were superior to those produced by other models in terms of accuracy and information

richness. Conclusion This paper proposes FRCM, a model designed to generate Chinese medical reports from medical

images. Unlike traditional medical report generation methods, FRCM leverages LMMs to effectively address the challenges

associated with long text generation and the imbalance of medical data in the report generation task. While LMMs are typi-

cally pre-trained on extensive general datasets, they face limitations in recognizing medical images and generating special-

ized medical reports. The paper builds upon the LLaVA model framework , utilizing a medical visual encoder and a medical

LLM, fine-tuning them semantically. This study introduces a similar report retrieval module to further mitigate the inherent

hallucination problem of LMMs. This module supplies additional knowledge during the inference stage, aiding the model in

generating more accurate reports. Experimental results show that FRCM performs satisfactorily in generating Chinese medi-

cal reports.

Key words: Chinese medical report generation; large multimodal model (LMM) ; retrieval enhancement; semantic fine-

tuning; knowledge guidance
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Fig. 1  The architecture diagram of the FRCM model

2.1.2 [EEERIEFER
7E FRCM RS0 | & 2% LM 1R A R4S 1Y fi
as . BE2A MG gt BE 2o 2 S 2% d i i, L

R 1 R AL e, PFIE I — S AT I RAG B
JZ s Bt € T 55 R 271 LLM AR A JZ 23 8] 4E B2
HFEBTERA TN
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v =fp(€<,uw,rs) (3)

Ao RAEUSVE A B 24 LM fig AR IBE A, B
& EURRE 2407, O TR S E A e i A
(AR, 7 FH 15 2 LLM 19 53 ) gy B 2l R 218
NN, H R A — 8 I R ) 2
Bk, Ik ABES LLM i i A7l 25

AR SCA R PR 2 MLP 45/ M 352 2, X
FERE PR UERE R A THIR AR, SCREAT Rt~ > WL OE ik
BN BE 2% LLM ) fix A 25 6] A e 5 OC & o B R
Taiyi-LLM (Luo 5§ , 2024 ) £ Jy = % LLM 4144 . %45
AYLL Qwen-7B-base #5575 Sy i JAe | I Fi A= 4y = 22 4K
PR AT T WA By M B 48 A G0 o PR, Taiyi-
LLM A{Y4E 7K T Qwen-7B-base BI85 A fity v S 3 figt
A RE T 3B B 7R T H] LLM 338 5 B2
et A AT 55 1 BE 2R R
2.1.3  AHRMRA KRB

52 Liu % N (2024¢) J7 5, A SCBET T — B
e Ao AR, T 3 B0 A 4 AL A AR R
G158, N — 2D i A A R B £ o [, A B2
S EUR LT RS S 2R 5 15 B4 R REE e, AN
JITRRE € 0 TEAERLE R D, 23 BT e, IFH H I
TTEH AL f 0B, BAR Ny

y = fin(en) (4)

X,y WH—ALE B RRHE R & BERRE y 22 A
MU A R rp, IR R L RS 1, 5%
JE g T 7 B 2345 TR R ARSI SCAR S, 5 B
UG BB A5 B —E A B2 LLM Hr, DAl B2
5 LLM A= A 4 15 SR i B 5 B S 4 i il O
FAAL o AR AR A5 R R B R A 25 R AN 18 1 2F 38 03
B

Faiss (facebook Al similarity search) (Douze 4 ,
2024) J& — > Ay o A6 F BT A R O IR
B R R AR AR B O R TR
R SHF , AR AR BEOR MR ) 137 50 N A H E G
B, AT Faiss A HEAR L K R 1A
B AE g g . T B AR MR DRI B 542 T LA
(L, T,) W IE X A7, B 5 T 5 FRCM A
YA [R] %) 1% 2% W0 4 B 8 X 1, AT S A, ZR IO 4>
JAFHE e, St A — LA BEIS 15 5 y IR B ER
I A7 Ak A% b, 15 B Fr A il BE o BRI

[)’1; Y25 s yM]o /I\ﬁﬁﬁﬂfﬁlﬁﬁﬁﬁ—/l\?gl

¥4 i R R HAE B ARt e v i 6 &, T4 IR
RGP W s T A8 SRR A i Y B2 24
SO AT R 2R A AN FH A i g ) i, B DA
F ARG 7 0IE A7, X AR AL 1 AR R 5 A
FEBR AR d R N AR & T BRSNS i R
SRR TEHTEAEGR R SRS, T
TRAE BHGACI A A rh A 3R B R AR LY 1] 2, A S
it ] IndexFlatL2 45 F4 %33 86 ) 5 EA TR 51, i 454
SR JHRR DG B B2 SR A7 1) S A 2%, 2 — ol i TG ff D
PRSI k. SHEEm &y, 15N

g = argminly - x|, )

A, g 72 K R B d AH LAY & pe) o i o ]
IndexFlatL.2 25|, FH BI04 e s R4t 31550 A
VA [ S LA i ) S D) P DTG B, AT 5 B T
RS 0 AR AL HE Y A i 4848 &R . Bl AR S 5 1Y
RB| TS AE A SO b TR 5 2 X R R4 T,
RIS P 484 — Rk Al g, SR IGE i
ATRTR o IX SRR A 19 i A K AR A o 3 — 2Dk
EARIRIR Z] 08, 5 | A A B 1 o o A i

2.2 IIERFRRE

R T AE RSO 2R A AT 5 L SR TSR
AR I P, AR R T 3 TR G B HE AT A B
BemyilZro T AR A T AN B B I 25
R IR GBI E A RS 2. 3 A

5 1 B ry IR A B SOt 55U 4k, B Y R
= 27 MR A0 8 RRAIE 5 B2 27 LLM (1948 A 2 25 [8) %
350 BRI XS AR 8500 55 AR HEA T R AN e 45 %
O, 25 P BUR AL )8R B 22 (Chen 45,2024 , fiT LA
TEMCN R B B fift H1 25 1 B Bl & 80t X ] T e 5
BB Z AT N S R B fdt T Y 2 S
W R <image> [ caption ] , He 1 <image> 10 1) & B 2%
EIM& , Leaption AR 02 X B2 27 KR 0 ik . FEI
Gl R, 2 <image>#B 453, ANfH H [ caption ] #5451
RIFER o D B B 2 5 G B 4% R S 27 LLM
(T SHORSS , RIR O 2280, B TE el
D RFAE 2 B8 27 LLM ik A )2 23 [a] A L B 7, AT 42
PR AR AL X R 2 LR Y BR A BE T -

552 B B N 2R PR S 48 4 3, B RS2 ik B2
LLM RE S~ 25 B R P At iy 48 4, Az il &l iy v S B
o TEMCEY B, TSR 2 B BOR A B s X A A
HATOA . 55 1B Bl 2k XA TR, Se B Be il
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xR, NE, AR, BFH, BER, KEH
EXHAMEBESERIERN P X EFREER

ZRALIHE RS R BB A A 2, BRI I
[ B FH ) Z AR S A5 A R [system JUSER : <image>\ n
Linstruction JASSISTANT : [ caption | <endoftext> ., H:
Lsystem | R7R R G HE7R T REHY £ €4 015 SUREARL Y
e 1. USERZH P HR%, <image>H[instruction ] {8
TP AR B2 RGN 10 Z5 it 45 4 Hh BEALIE
FER)— 25462, B0 45 33 5 M 5 X0 e ) 4005 4
W7 S A R G S s R e R A AN 18] 2 B
IRo ASSISTANT 72 Bl FHR% , Fs T okt R Gyl
I #BAY , [caption ] J2: % 3 i 5 27 G B 4l & |, <end-
oftext>SEAE A MU L5 R A IR bRIC . 7EIX —BirBe, i
AT AL K [ caption | <endoftext>F 43 , [T R RE 1%
o U AR A5 A2 T b B PR~ 7, IR A
T AR B B e )RR DR D 2 L i
T SBOMBE 7 LLM Z50R 4, RS ZRps il vh g %
52 )2, Il A B & B (low-rank adaptation, LoRA)
(Hu %5, 2022) {30 J5 72 60 B2 2 LLM BEAT B 30 S B0
A BARR UG, AR SCOE T BE A2 LLM T A Trans-
former BRI RIHURT MLP BLE ih i 412 .

|
| R R AR PR B L |
| SRz RS RS = U P S R

| % (EREGME. EREFRES) . :

| o R URHRHR R A B X G S 4 H B AR S 40 T |
| o HBKIKMHXILH, 5 AR LR
| o HICKIEOL i |
o A VEAN AR KR I O |
| o SRR ORI S L B B 24 4 |
| o XERMIEXON R I A4
| o RHCOKBXREE H T A |
| AT IR KX G I R H 4 I
o SR B B X PR AT AR |
| o XEXOEBUARD T H 4 |

K2 RGEHRAMAHPES

Fig. 2 The system prompt and user instructions

AR AT ASCER A B AR At 5 T AR
fift , A R T RO B S ER, B T
SRCIR BT AE , T ELARIE T RO S AR RL R 05 AT 5K
W NIFESS o LoRA BYJEHLANE 3 7R, (R i
B R A W, e R, LoRA K4 2250 1)

HESHUEME AW e RHRFRE AU >S40 T
INFIRE B A e R R B e R™F, 2 800 i i % vl
A
W,+ AW =W, + AB (6)
o, d kS IR EE (9 4 5 r 2 3 R 1
Bk, Hr << min(d, k). BT, G0 A9 250 R Sk
AW d X EZERLd X r+ r X kb, B0 T 7 B0
IS HR . FERORRT DR W VR SS , BB L & B
O3 ARIIR AL A X BRI IR AL, X RE RE SRR
AW = AB TEVIZRB 3283827 1 8 i AR BRE 3 1
B, HikSEmA s e RO THitl b=
W, ERIET AR R
h=axW,+ xAW = xW, + xAB (7)
TEHESNS , T AW = AB BLEER MBI FE S5 W,
B OANSGI BN AR a0 T E Y
LR Lt AN () A 0 137 55, AR RT DASE Sk 2 AB 9K
JE AR A’ B 177 2y s ol

k
W
SRS T S
/—/% f_/%
1 | P )

s et it e et
| B=0 |
WA E | |
& @
'/VL;ER‘IX]‘ | |
| Aa=n |
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AN
/A
_

x| |

P13 LoRA A S
Fig. 3 The fine-tuning strategy for LoRA
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FRCM B ik = 2 EMR 0 5 05 8 0T 3B 48 4 A il s
SRR T AT AT R R T
2.3 HIEEME

Ry T AR R A Wl B A A Y R D O R
TIN5 Ze 45 4 B PR RE T , A SO i TIR 6%
P TR . TR A BCE 46 F g A i %k
Pt o TR 3 s 2 T A SRR K A 4R
P4 MIMIC-CXR (Johnson 25, 2019) VE M WFFE X 4 .
MIMIC-CXR 4 48 i) I 4 B 2 i 5 2 AR 4544 1k
(1), IF AL —2en”_ " E LB TS,
TR ] 2 S M B R AR . A, e B BE AN
56 B BE AR 2 X Y SRR 7 AR e S Y B
(Longpre 55,2024 ) T UEBA , Y11 208 0 57 & %) i
1155 i PR AR 22 0 H 2L, (IR i 1 BR824 LLM 1%
PR AN FIEE0E . Thawakar 28 A (2023) #1] i GPT-
3. SHR ALK MIMIC-CXR JE 454 fb 1 JE R 5 24 41 i

:ﬁkﬁi% : The chest x-ray shows clear ngs without focal
rconsolidation or pleural effusion. No pneumothorax is observed and the
:cardiac and mediastinal silhouettes are unremarkable. The overall
Jinterpretation is that there is no acute cardiopulmonary process.

R Ak RTR AN, KBS BE,
. FVEESE, LR BB . SRR REE.
BB :

................................

+with leads terminating in the right ventricle and right atrium_ expected*
:]ocatinrns, There is no focal consolidation. pleural effusion m':
" thorax. The cardi diastinal and hilar contours are stable,.
*and there is tortuosity of the descending aorta. Note is made of a left"
:healed sixth rib fracture and lower bilateral old fractures. The:
impression is that there is no acute cardiopulmonary process. .

JRSRE - BExSR DREMRE RSN, sRSHELT.
ELERELE (EAEE) « ERMMXIE. MRS
. U PBETIRI IR ERIRE, BENRE M. EEAMSM,
-‘%ﬁ‘%;?ﬁ@é\ TEPRMBFIEEER - HANNKERAESM L
RivE:) i

................................

(c) HME G

AR A NZE T S0 i i A B R DA
PR Zh XrayGPT, il FC HLAT O 75 19 B2 24 4 4 g )
A Ao T TRB R TE [ B B3R K8 WMT2018 By Hr i
B USRS 1 4, I I P SRSl fl Al e )
2R TR | 3E | 4T 3R 25 Transformer 5 115 P4 #i 28 X 4%
Bk, HEE R G WA REIE TR, A
U A A N AR P R 2 AU 2 R B oK
PRI I, A e 26t FH 19 TR B 2K T U1l 25 Xray GPT
(1% 1 Jo o I 2 i o5 A S 3E m Hp S, B 3RS
3C MIMIC-CXR 3064, i 4 iR . K 4(a) JBR T
— AN IEH Z 5 B 4(b) R T H LIS 900 22 491 5
Bl 4(c) R T AN E R Z 6] 4(D R T
BB ) 8 ) . E B X oy Oy T BE AL HRCT
2 000 15 B VE A AR A EARAE I g s .
TP JF R T LMM 75 H SC Be 2 i 45 A i 45,
T o

:ﬁiﬁﬁ: Small right pleural effusion with right basal ate]ectasis,:
Jess likely ja. Mild cardi ly. No p thorax, no.
'pulmonary edema_ and no acute bony abnormality seen. The left ung*
:appears grossly clear. :

VRS D BE NIRRT RS MR R %, FEI TR,
ERVD . BELERM . RISE. ki, 2MEERE. £
B '

:iﬁﬁﬁ: Multiple areas of ill-defined opacities are present in the:
ibilateral hngs with no pleural effusion or pneumothorax. There ist
‘complete destruction of the right scapula. lateral clavicle, and:
:visualized portion of the humeral head with a right mid clavicle,
vfracture. These findings are consistent with known metastatic disease. *

VR TS AR AN, FRIERRSS. A,
CEIRE. ST AMUTIRLE KA AR e BT, BMEE R
VB, BRI SEMARERER . !

...............................

(d) F BT
Fl4 3 MIMIC-CXR AU 4 R 7R
Fig. 4  Chinese version of the MIMIC-CXR dataset presentation

((a)normal; (b)common lung diseases; (c )external instrument; (d)bone problem)

RS TR B 101 DM IEEE S
191 A~ 5 (7] 2 (visual question answering, VQA ) T
%511 Vision-FLAN (Xu %%, 2024b)VE HAFFE X4 . 18
Vision-FLAN #8555 BB L 2 90 5 1Y
64 XL ZEAL 1Y R T 55 48 2 XF 42 T+ LMM
(2 A RE ) Bt 2 248 4 M BRAR e ) e 2L, 15
%5 T ALLaVA (Chen %5 ,2024) I H /9 5Tk , A% SO H:
FRAE K SO Vision-FLAN 5088 4 3047 1 i — 4 1

AbER, R T BT BARAAR] TR ZR i R | B
#4443 VFLAN-Caption Fl VFLAN-Instruct % #B 43 %%
P . VFLAN-Caption #f 53 J2& EUE 7 5 B 45, H F
5 1B BRI 2 2 TR SO0 5 Yz AL g

VFLAN-Instruct #8735 Z FEAL 1 VQA $dli %, JH T
55 2 Y BRI B2 2 LLM, 38 7+ L0 52 248 4 i) 2 A
AEJ) o TS F B By ok i AR B RE ) 32 T4 12T
Rl SER R TEAN A S v A R S AR
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Table 1 Experimental dataset

B AR S e W

A H13C MIMIC-CXR 212539 X
1B

VFLAN-Caption 170 872 L18'S

rh 3 MIMIC-CXR 212539 25

oW B

VFLAN-Instruct 162 730 R

3 Lo

3.1 XEgE

A SC A SEE I FE I H NVIDIA 4090D GPU I
AT, B GPU A 24 C B AF. mRiE 5
PyThon 3. 10, Jffifi F Pytorch BREE 24 I HESR . FEII1 %k
o, BRI RS 224 x 2243 K BERLI B K
B AR 2 048, B ab B R K ALK R
() S E 7S 2R IR, DA ok s 3, R]RE R
B BBURME AT S B . FRCM AR HLAA& (1 l|
GBHANF2HTR .

K2 l&EsH

Table 2 Training parameters

P MBS S LGTBORME 5 2 B BORA
1 B AL BRI /N 4 2
2 T BB 32 32
3 ESDEIR/ NN 256 128
4 Ak ss AdamW AdamW
5 =3 0 0
6 2] SR RILIR K ARIZIR K
7 TR L 5] 0.03 0.03
8 LoRA Yk - 64
9 LoRA M4 i K+ - 128
10 )R 0.001 0.000 2
11 bi)en BF16 BF16

T = =" R TON A o

3.2 iEHiERR
ASCR 2 BT NLP ARSE B TP 48 5 0T
AT BRI A 5 1R 5 2 4R 2 1A o o, B 6 B PEAR AR

E45 BLEU-n(Papineni %5 ,2002) JE T K AL TF
51 59 43 [0 R 45 H5 ROUGE-L(Lin, 2004 ) |, & 25 5 H
PEVEHT 45 R METEOR ( Banerjee Hl Lavie, 2005 ) 1 3
TG BG4 & PF 4k 48 A8 CIDEr (Vedantam 45,
2015) . o BLEU-n i i 115248 lSCAR 55 % 3¢
NG SR OO G G =g e S i e 8 i
F R A A ) SCAR 5 S SO Z AR AL EE
ROUGE-L % F A2 jli SCAR F 225 SCAR Z A i e A
LT P50 R AT & Z [ B AR . METEOR MY
X S8 A N SCAR TN S 2 SR Z [ AS B UL IC , [ B ik
% [ in) T DT g Fifm] CIRIDC L . CIDEr & —Fh % ]
TG R A AT 55 WA H8 A, 1% 48 b e 51 25 1
T AR — 33 SCARY A 3R AL, LA i A 0 A
A—.

3.3 HRRSEIE

R T BEAR SO A R TEAS T AT R
TH AR Al SEIEE R R 3 MR 4 PR
3.3.1 Bl

ARATHET T TEA N5 AU AR U 5 6 R A e
VARG T , Af FHAS [R)BSH DI ZBE s R , BLAA 2,
RUWFR3, 51447 R T AU T3 S8 s (rh s
MIMIC-CXR) 7 & SC6F 55 I 25 R4 2 30)H w5 4~ B B
YIZRBERY PRI 5 55 3 .6 17 & A~ B Br 4 3R A TR
A BAR NGB ROR . LS5 5138 B A A~
BB ead — 4N ZRAg o 8 T SR PR B b B
TUNEHE A — S R 52 SR g 1
3 Sl 50 AE PR A B B a3 R AT 2 N 2 1) 45 R
(552 51T TERXT L

SRR TEAR TS IR BL R 5 A BT, AL
FH SRR I 25 2 56 A R R 5 (i VR 5 B |
S5 1R BRI RCR LT — 30, IR FE A $84s E 30
FALA S G U 25 1 SR AL, S5 Ak, X6 34
R 1 45 AT 430, B AT TR BE S 3 I A R
B LA O, AEA ) e AR R DI 25 1 e A S T 2 B2
TR AT A A A R B A XS AT IR A T .
A TR A B X B2 2 R R AT T 3 AU oy
BT, 5 BT SRR R

TS AR AR R R R A A S A 1
SR BRAE S HR bR b AR AR T PR A i I 2R i
EARY I A FH TS B 8 I 25 2 F8 s R AR
T2 XCFPELGA I RZE T AR A R R AR
J& AR R AR BN 2 S T 203
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AAF B o BB AEEARO B2~ G SR A A A58 15 2
FE B2 2] B0 AR BB 2= i o, 8 75 il F H 4t
()AL 5 VR SR B A 4 5 S R0, 247 50 Bl 2B A
TERIARLYIN St 72 b, 38 PR Hh ) 24640 VQA Bl
PETE TR T4 F 48 42 AR RE T, ixX A B T8
RUE A s 2 i 15 B B A 2 A B 2 MR R AR Y
5 B AR S PR A A USR5 S, AT AR BT
R EERA G .
3.3.2 AR

T UEH] FRCM AR A v 4 AR J B, AR
WHEAT T RIS RS . 3R 4 R T AR SO SR B A
A% A B i 3 FE LR A A LLaVA (Liu 25, 2024b)
IR R, AT A R Y R 2R AR Y 5

R 52,3 5FT AR T SR L e 2 ) e
e LM DL IMAAR DR A - BB A 4528 5 28 417
O[] IR R 45 AL 2 B e A LML, {ELAR 8 AR R 4 45
KBB4 2R IR g b AR 5 6 17 2 AR 3C
SCRE FRCM B 45 2R . SCIR 4 SRR A T2
LAY AN 5 2 B % A LLM i, 570 44 345 A
WA RERTE . T IS, BT x SR 2 ey
A AT 55 B A 0 AR BB , AT i
A 55 S U 15V, B 8% AT R THRR Y g P RE
HART T, B2~ 4050 S B % BE A% £ (3t B hn 440 42 12 Y
PLBE AR L, P22yt LLM DU R i 3o 46 1 5 B el 2
B GRS ROR kL, 255 A B HAT IRl R
SRR, AT A g B fG Y 5 A o

F3 AENZGHEBERE SR
Table 3 Ablation study of different training data

ISR IR DR ke

BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L METEOR CIDEr
EIBCRIE) 1 x 0.349 0.213 0.144 0.102 0.308 0.317 0.192
BT e 2 X 0.358 0.217 0.146 0.103 0.307 0.320 0.222
REHE 1 x 0.353 0.215 0.146 0.104 0.308 0320  0.223
BT 1 N 0.303 0.190 0.139 0.110 0.272 0.264  0.341
TR 2 N 0.292 0.179 0.128 0.099 0.264 0.257 0.275
RAHE 1 N 0.375 0.234 0.171 0.135 0.293 0.304 0.443

Y X AR NV FR TSN LR 05 45 51 s A

Fd4 HEAGRHBSR
Table 4 Ablation study of model components

AT KR A K il

BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L METEOR CIDEr
x x x 0332 0201  0.36  0.097 0.302 0306  0.192
N x x 0352 0215  0.146  0.103 0.307 0318 0214
x N x 0350 0212  0.143  0.102 0.305 0315  0.189
N N x 0353 0215  0.146  0.104 0.308 0320 0223
x x N 0357 0224  0.164  0.130 0.288 0294  0.420
N N N 0375 0234 0171  0.135 0.293 0304  0.443

X A RN N R BB AL 0 45 51 e A

M5 647 IEE R AT AR BN IR G| &
FEAR /N AT 5 L S =2 [ A 22 B 7 TS 2 T
KHEAE R o FELAE TR IR M 5 A AR |, 78
BLEU-1,BLEU-2, BLEU-3, BLEU-4 il CIDEr %5 5 4>

T8 Ar b2 B4R T 2.5%. 2.3%. 2. 8%, 3.3% Al
22. 8%, X LU A AR SCIR T A AR A AR (4
o F R el B TR 7 FH & b AT R R o T Y B

HE— 2B $E T, [ B AR TR B £ 5 I 35 T A
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xR, NE, AR, BFH, BER, KEH
EXHAMEBESERIERN P X EFREER

J A A 5 SR 2 8] A SO . ROUGE-L
FIMETEOR 845501 FFE T 1. 4% il 1. 2% , X il
OLI AT BE IR T AR S TESS 1 b 5 BRI 22
5o AR S B0 S S v 1 I — B ERR
il 1 Z2 AR AR SR B4, O S B0 i B
P TERE L/ O T AU AT Jry 5 BSOS AT
Ze5t o B 3N ARFRE A FRCM BB 7 hSC R
AR ST 55 Ik B TN AR
3.4 XEbIE

N T UER] FROM BB Hh S B 24 5 A AT 55
R B KPR BE L BEAT A B S B o 3 B XrayGLM
(https://github. com/WangRongsheng/XrayGLM ) F1 Xray-
PULSE (https://github. com/openmedlab/XrayPULSE ) iX
P RT LUAE H SR 24 15 1) LMMAE O FEAExT &
BT E 28 1E B 5 Y P S MIMIC-CXR £ 48 E
AT T30 . HA7E S XrayGLM B LLEH fif Y
155 AU AL H 2 I H JF Y checkpoints-XrayGLM-

3000, [ B, 78 A AE LLaVA F1 Qwen-VL X P>
Ui LMM _E A7 7 o A A ROR S48 R B T iR
BEIBRIASEL. e Rk S iR .

45 3L 18 78, 7€ BLEU 48 4% (BLEU-1, BLEU-2,
BLEU-3. BLEU-4) I, FRCM #% &Y ) 15 43 43 51 Ky
0.375.0.234.0. 171 F10. 135, bt Ho AR 5 d5 - 2%
IR T 4.1%.3. 1% 3. 3% il 3. 6%, iX 3 B
FRCM 5 RULE A 0 44 5 L S 0 1RV RN i
VCHCBE b, AR R BE iR S I E k. A
CIDEr #8475 I, FRCM BLA () 1553 15135 0. 443, W51
TR A AR X —FE br L A sk R I, W A
WARENAE S BELREWANEEE 3. 7
ROUGE-L #1 METEOR #5475 |, FRCM f & BLIEIX T
R B Qwen-VL A LLaVA, H R 40 3. 3. 245 firidk,
AR 5 B A I 254 22 S Rg ) T Hf KA 3t
FRI R A . RIVGE Gt , 78 HoAth 38 Ar b A9 $2 THK
SR FRCM R SR 524 1

RS FERBPSLE LRI

Table 5 Comparison of experimental results from different models

o L7

BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L METEOR CIDEr
XrayGLM 0.172 0.047 0.019 0.010 0.167 0.121 0.019
XrayPULSE 0.271 0.133 0.074 0.044 0.227 0.210 0.059
LLaVA i) 0.332 0.201 0.136 0.097 0.302 0.306 0.192
Qwen-VL(H) 0.334 0.203 0.138 0.099 0.303 0.310 0.189
FRCM (4 30) 0.375 0.234 0.171 0.135 0.293 0.304 0.443
O I PR R R B IR 45 R

AN XA R AL AR U R 2 S K EE AT T 3.5 REISH

XF AT A RN E S s . B S B ROR B
At B X ] N R B A DX P i i 0 -
AT DIOIRER 3, XrayGLM A= iU A i 80 i e 22, X AT
AEJE S BOLAE S WP bn bR AR XT3 25 1 5
Z— Qwen-VL,LLaVA il XrayPULSE 4 i i 4% 45
B BB E 50~ 69 T X [i] |, 15 HH X e 7Y B
g 3R B 2 PR T i B AR L (EL7E 20 0220 i 95
FREIE NS 2906 191 53 17 7 TIAETE S BRAE , 2B 1 PN 25
FHXTTRT 7 o FRCM Az I 445 1 B A 5 LS o
TN BT, A AR AR i s 2 B B A R 4
T b7 5 5 2 LR DG A B

T S Ml R R AR SO AE A il P SC IR 2 A
J7 T B8R R 7RI A rh R 3 i R s PR O
FHEELA AL | rh [ AR FRCM AR AR A 744 A 1k,
SR 6 i, Horb AR A Al R OB A0 Y IE
B0 0 8 P % 008 S5 R T, A TE W 41 08 T 40 (0 95 55
PR

TSR 1A G rp | R AR TR 0 v i) 468 7 T RE IR
ol 1 TE AR 0, X SR SRS Y AR A U
AR AR AT MR AR AL SRR AN B S A8 722 ke = T
AEST o TR AR DL 5 K R BEH 1) FRCM B, fiE
g P AN AR S| S, A B A A 1R 2 40
T3 Hb A X RGE 2 B g A LM A R 2 Ui i

1297



1298

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 5,May 2025

~
600 ——FRCM
—— XrayGLM
—— XrayPULSE
500 LLaVA ()
—o—Qwen-VL (f{1H)
8 400
]
40
= 300
o
200
100
0 >~
MR EREREEREEREREEEEEE
v \Q/\ %Q/W %Q;b N 6°b @/b & %Q/% O)Q/q Q'\Q Q'\\ Q’Q Q/\% N ¢ Q/\b Nl b’\% Q’\o’ Q’WQ & v
S PPN AT E P
2R X )
K5 ANRIREAL Az i BE 2 4l i 1 B
Fig. 5 Medical report lengths generated by different models
P2 E % LR FELR AR A Al o Hp IR) R AR A AR FRCM/E pidi 5
BExXFETRASMON BB R EBEN, T RSxAERAIMLONE RIXZSBERETRARLN

REMTR . KALBILHR
. RERESEA. D
YIRFRE, TNNETH
ﬁg ERETLEERTHE

fEfRR. SNERMEE
. R R BiRRE, £
HE. BHDRZRAIMLL

o LEANER, YR
MEBESF. WOERKE
&, FEPEAT, TR
k. REASUBREF.

KE. BEARES BT
. LEMNREERE, £
HBEE T BRI LR
TRz

BBXAFETSESFELT
BB EH#2 embh, EXHE
R BT EENSE SR
CERLATER . 2N G B LER Bk
SEEILE T E TR, WU
FH-—BHERLTR. L
FESNUARTE, WENENT, T
gﬁﬁ@E\n&ﬁﬁMﬂ

P Epxt i B R Rim AR
ERN KA K. HERE
1%, B.0RER R BET .
SERNRBEALALTEELRSY
52cmil .

BSBxg R ErSESELL
FRELH56emik. NGEH
EFEA. WERME RER
b Y | T o
RS R TR .
EANMBRESERENHLE

il

BExXRLTSESELL
FTEREEHH48ERL,
SESRERACFAT BRI
BuE . LiEN R Fi
E, RLBERRSSAE, i
ANALH AN . BExE
ﬁt*%%iﬂﬂﬂﬁﬁﬂ’ﬂﬁﬁﬁﬁ
o

BEREEZHTERRENT
ARG LR
BRTEERA. Wi, &7
E— M ERFEO M RER
FLAE, LA R RE AW 45 4 B R BE
o EhRELEMH. H¥R
ERIEEOFE. ERE
AR BIS R, TRER
BT BA SRATER. 127 BREAR
BESWAER . WECER
BoRRRE AR, RRAE
BRI, B R FA R
BRI

RS B T ER T
LTI, PN, T
AR TS . DIEAE
B OAREBIE. AL
£I, DREEASMENE
o,

F‘#

B spxsk B G SR F
sfniRETE, LBATL
B SRR 2o R B AR B oh LB R K
SERRELTALE. BF
RRESHERAEK, BRLEL
XTI, AN
ER, dRELET. IR
ERTAMRARE.

Epx f R RiSa s
&, #rEREREnRE R
SRR . TEINERRE
A RS LicABGE. £
pEBIhtEE, BIEFR/MLM
TS . B
R BEERRERN. D52
BERISSI0 S R B
N

K6  FRCM Az e w1 Be 22 4% Lt

Fig. 6 Comparison of report generation performance cases for FRCM

AR R LR AR TR JRy ™ A 28 AR " P A — 2, 3 ol
AUHERIY 22 ARG 21— IR T . T2 DR

B, 3 RRERRE IR I AU AR AR TR
57 A ELASAL T 5 = AR Y B2 LR




$30% /58 /2025 £5 A

xR, NE, AR, BFH, BER, KEH
EXHAMEBESERIERN P X EFREER

PRl S A R A BB o 4 T Y B8 2 4 i, I ELZ) s R et
BN R AR T BT R TR Bl K
AN 5 R i A B AR " X 3 A EH AL AR
)RR B8 AR AR A T O A T A AR o (R R A A
BRI L) BE AR, AR R T il A AR R R
BRI 5K 7 KR SR s AR N A . AL
Z T FROM BRI AR JRU A R~ A1 o 5 LSS A A
FEAAATT , 1 SO 6, (E ke =2 0 ) 2 ] 07 U
HIRE ST, AN BE MR A= BT A PR 7E R B . RS 34
L, 3 AR AL M e ke AR AR 0 A2 5 T P N )
AR AE R AR IE A WO BERPIRZS . ZERB R A
WU R A A AT AR o i e R s i
SO 124 AT S M T - B2 A L VR S B
i R AN SR IR, AR A T B RO R T
TR EE R TR Bl K5 B T A B R A ) % TR )
BN TR . FRCMUBE AL R T RENS & B AT A
AR LR S H ARE AR, 0 T TR R A A i
e [ E A PR 1R AT AR B R
F K (coronary artery bypass grafting, CABG)”, {HJ&
FRCM AR S H A7 A Dt i s B

Zoad 3G R, mT LU IAS SCHT 4 Y
FRCM Y 75 A il SC & 27 i 15 AT 55 i A7 ARk
AL BE S 4 T B2 2 PR 5 1) 5 RUARHALE , 3 BE RS
S LAY rp (RIS Al B REAR . AR T
FLLAARAY e AR RY RS U] H B 22 B AR 1 L, HL
TEAR B VA 7 AL BN Ll , 345 25 T 1058 4
i A LLM 7E T80 FE T 2EA T 38 SO0 s A T
[BIREAY , FRCM AN R B T8 22 X A8 1 L, ik —
G T XL X A5 4 T AR LR S R R A
U B B PR I BN AR S o BRI, AABLAR
R A2 BT ATl ) B2 2 RS LA R A o o
M, S 5h L it A REAE AL BRI R 2 PR
R/INH LLM B2 BOUASEARL X A= il A 5 Y o 7™ A=
— R, I, X T 3R h s LR R
A R 7 [EIR , FRCMATY SR AT A — 72 19 1 4 A s 1
ERAAS

4 &
AR SCHE H— P T SR BB 2 0

(1 o SC BE 2 A A R A FROML, T B2 2 R Sy
B AR B SCBE "2 i o ITAFR , BR A O AR AT

55 1WA BT B A R 22 BT 5 B vh A e SR
Slo It AR SR R P R K Y MIMIC-CXR 2K
It B8 THE P S, I X v SCBR 2l A A R R T T
Fo BEXFBE EHAE U 55 A SO JRURT B2 2
O 313 AN 3 P HE AL, SR T B AR
AE ) 58 R SCA A= G RE ) A AR A LMM 0K
Y 5 HE Y LMM 7E B BE 2 KR N A A %
b S BE A R T AN A AR SCHE T LLaVA R R
FOHESR | SR T2~ W5 G % 5 LA 53 v SC Ak B BE
JIRYBE 7 LLM, I Hb AT 138 o . itk —2p
SRSt LM 903181 SO — B K
SR RS, A 5 BT — b B AR S A (U R R, 7
R T BB A DL R 2 RUR Y B~ 4l S5 VR W A Y
FISHR . F3oh XY ) $5 4 PR RE ) 24T 0T
ST, AN R0 A in 22 B Al B PR , >R 3
Bt 5 T O P [R) I 25 0 SR, BE 8 (A5 2 2 A
SIS AR TR 4 TR RS 8 5 1 S R0 A
f PP SR AR BN . S S TR SR
7 LMM A1 A~ 300 19 38 A LMM X B, FRCM &
BLEU , CIDEr 546 b5 b IAS 1 B R 52 71, 5870 7k 3L
T FRCMTEIAT S5 i i, 2053 pr b 5 Bt
BUHEAT EVERT L , A AR 7R B2 R T RER U]
DA R 7T UEW] T FRCM 78 A i rh SCBE 2
AL S5 RIS

ORI S A BT B 00 B AT RES 2 D) R
IR YRR A SC, (R R O B B TP I AR
F8) B~ AR B AN A2 L SRR S D AT e A
VG BB R AT 0BT 9E . FEASRRYBESE b B
Ak SR rh SCBE A MR SO R B, OF HRHE 559
J#& 2| CT (computer tomography) . MRI (magnetic reso-
nance imaging ) 25 525 19 5 24 G 38 35 A W s i
HEFNRHT , 1SR AE SO A= J R B 4T 9 R

F
2 % 3Lk (References)

BaiJ Z, Bai S, Yang S S, Wang SJ, Tan SN, Wang P, Lin ] Y, Zhou
C and Zhou J R. 2023. Qwen-VL: a versatile vision-language model
for understanding, localization, text reading, and beyond [EB/
OL]. [2024-07-31]. https://arxiv.org/pdf/2308.12966.pdf

Banerjee S and Lavie A. 2005. METEOR: an automatic metric for MT
evaluation with improved correlation with human judgments//Pro-

ceedings of the ACL Workshop on Intrinsic and Extrinsic Evalua-

1299



1300

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 5,May 2025

tion Measures for Machine Translation and/or Summarization. Ann
Arbor, USA: Association for Computational Linguistics : 65-72

Chen G H, Chen SN, Zhang R F, Chen J Y, Wu X B, ZhangZ Y,
Chen Z H, Li J Q, Wan X and Wang B Y. 2024. ALLaVA: har-
nessing GPT4V-synthesized data for lite vision-language models
[EB/OL]. [2024-07-31]. hitps://arxiv.org/pdf/2402.11684.pdf

Chen Z H, Song Y, Chang T H and Wan X. 2020. Generating radiology
reports via memory-driven Transformer//Proceedings of 2020 Con-
ference on Empirical Methods in Natural Language Processing
(EMNLP). [s. L] :
1439-1449 [ DOI: 10.18653/v1/2020.emnlp-main.112 ]

Deria A, Kumar K, Chakraborty S, Mahapatra D and Roy S. 2024.

Association for Computational Linguistics:

InVERGe: intelligent visual encoder for bridging modalities in
report generation//Proceedings of 2024 IEEE/CVF Conference on
Computer Vision and Pattern Recognition Workshops (CVPRW ).
Seattle, USA: IEEE: 2028-2038 [DOI: 10.1109/CVPRW63382.
2024.00208

Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Zhai X H,
Unterthiner T, Dehghani M, Minderer M, Heigold G, Gelly S,
Uszkoreit J and Houlsby N. 2021. An image is worth 16 x 16
words: Transformers for image recognition at scale//Proceedings of
the 9th International Conference on Learning Representations. [s.
1.]: ICLR: 1-22

Douze M, Guzhva A, Deng C Q, Johnson J, Szilvasy G, Mazaré P,
Lomeli M, Hosseini L and Jégou H. 2024. The faiss library [ EB/
OL]. [2024-07-31]. https:/arxiv.org/pdf/2401.08281.pdf

Du H J and Liu X L. 2020. Image description generation method based
on inhibitor learning. Journal of Image and Graphics, 25(2): 333-
342 (RIS, X255 . 2020. @& 205 > 19 R TR A i s
2 EE R EIE R, 25(2) : 333-342) [DOT: 10.11834/jig.
190222 ]

Harzig P, Chen Y Y, Chen F and Lienhart R. 2019. Addressing data
bias problems for chest x-ray image report generation//Proceedings
of the 30th British Machine Vision Conference 2019. Cardiff, UK:
BMVC

HuE]J, Shen Y L, Wallis P, Allen-ZhuZ, LiY Z, Wang S A, Wang L
and Chen W Z. 2022. LoRA : low-rank adaptation of large language
models//Proceedings of the 10th International Conference on Learn-
ing Representations. [s.1.]: ICLR

Huang Z Z, Zhang X F and Zhang S T. 2023. KiUT: knowledge-injected
U-Transformer for radiology report generation//Proceedings of 2023
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion (CVPR). Vancouver, Canada: IEEE: 19809-19818 [DOI:
10.1109/CVPR52729.2023.01897

Jing B'Y, Xie P T and Xing E. 2018. On the automatic generation of
medical imaging reports//Proceedings of the 56th Annual Meeting
of the Association for Computational Linguistics (Volume 1: Long
Papers). Melbourne, Australia: Association for Computational Lin-

guistics: 2577-2586 [ DOI: 10.18653/v1/P18-1240]

Johnson A E W, Pollard T J, Berkowitz S J, Greenbaum N R, Lungren
M P, Deng C Y, Mark R G and Horng S. 2019. MIMIC-CXR, a
de-identified publicly available database of chest radiographs with
free-text reports. Scientific Data, 6 (1) : #317 [DOI: 10.1038/
$41597-019-0322-0 |

Li CY, Liang X D, Hu Z T and Xing E P. 2018. Hybrid retrieval-
generation reinforced agent for medical image report generation//
Proceedings of the 32nd International Conference on Neural Infor-
mation Processing Systems. Montréal, Canada: Curran Associates
Inc.: 1537-1547

LiCY, Wong C, Zhang S, Usuyama N, Liu HT, Yang J W, Naumann
T, Poon H and Gao J F. 2024. LLaVA-med: training a large
language-and-vision assistant for biomedicine in one day//Proceed-
ings of the 37th International Conference on Neural Information Pro-
cessing Systems. New Orleans, USA: Curran Associates Inc.:
#1240

Lin C Y. 2004. ROUGE: a package for automatic evaluation of summa-
ries//Proceedings of Text Summarization Branches Out. Barcelona,
Spain: Association for Computational Linguistics: 74-81

Liu C, Tian Y H, Chen W D, Song Y and Zhang Y D. 2024a. Bootstrap-
ping large language models for radiology report generation//Proceed-
ings of the 38th AAAI Conference on Artificial Intelligence. Van-
couver, Canada: AAAI: 18635-18643 [DOI: 10.1609/aaai.
v38i17.29826 ]

Liu F L, Wu X, GeS, Fan W and Zou Y X. 2021a. Exploring and dis-
tilling posterior and prior knowledge for radiology report generation//
Proceedings of 2021 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR). Nashville, USA: IEEE: 13748-
13757 [DOI: 10.1109/CVPR46437.2021.01354]

Liu F L, Yin C C, Wu X, Ge S, Zhang P and Sun X. 2021b. Contras-
tive attention for automatic chest x-ray report generation//Findings
of the Association for Computational Linguistics: ACL-IJCNLP
2021. [s.L.]: Association for Computational Linguistics: 269-280
[DOI: 10.18653/v1/2021.findings-acl.23 |

LuHT, LiCY, WuQY and Lee Y J. 2024b. Visual instruction tun-
ing//Proceedings of the 37th International Conference on Neural
Information Processing Systems. New Orleans, USA: Curran Asso-
ciates Inc.: #1516

LuMF, HuH]J, LiLJ, Yu Y and Guan W L. 2022. Chinese image
caption generation via visual attention and topic modeling. IEEE
Transactions on Cybernetics, 52(2): 1247-1257 [DOI: 10.1109/
TCYB.2020.2997034 ]

LiuZY, SunZ Y, Zang Y H, Li W, Zhang P, Dong X Y, Xiong Y J,
Lin D H and Wang J Q. 2024¢c. RAR: retrieving and ranking aug-
mented MLLMs for visual recognition [ EB/OL]. [2024-07-31].
https://arxiv.org/pdf/2403.13805.pdf

Longpre S, Yauney G, Reif E, Lee K, Roberts A, Zoph B, Zhou D,
Wei J, Robinson K, Mimno D and Ippolito D. 2024. A pretrainer’s

guide to training data: measuring the effects of data age, domain



$30% /58 /2025 £5 A

xR, NE, AR, BFH, BER, KEH
EXHAMEBESERIERN P X EFREER

coverage, quality, and toxicity//Proceedings of 2024 Conference of
the North American Chapter of the Association for Computational
Linguistics. Mexico City, Mexico: Association for Computational
Linguistics: 3245-3276 [ DOI: 10.18653/v1/2024.naacl-long.179 |

Luo L, Ning J Z, Zhao Y W, Wang Z J, Ding Z Y, Chen P, Fu W R,
Han Q Y, XuGT, QiuYZ, PanDH, LiJR, Li H, Feng W D,
TuSB, LiuY Q, YangZH, WangJ, Sun Y Y and Lin H F. 2024.
Taiyi: a bilingual fine-tuned large language model for diverse bio-
medical tasks. Journal of the American Medical Informatics Asso-
ciation, 31(9): 1865-1874 [ DOI: 10.1093/jamia/ocac037 ]

Moor M, Huang Q, Wu S, Yasunaga M, Dalmia Y, Leskovec J, Zakka
C, Reis E P and Rajpurkar P. 2023. Med-flamingo: a multimodal
medical few-shot learner//Proceedings of the 3rd Machine Learning
for Health Symposium. New Orleans, USA: PMLR: 353-367

Papineni K, Roukos S, Ward T and Zhu W J. 2002. BLEU: a method
for automatic evaluation of machine translation//Proceedings of the
40th Annual Meeting of the Association for Computational Linguis-
tics. Philadelphia, USA: Association for Computational Linguis-
tics: 311-318 [DOI: 10.3115/1073083.1073135 ]

Petinaux B, Bhat R, Boniface K and Aristizabal J. 2011. Accuracy of
radiographic readings in the emergency department. The American
Journal of Emergency Medicine, 29 (1) : 18-25 [DOI: 10.1016/j.
ajem.2009.07.011]

Shen Y Q, Chen Z, Mamalakis M, Liu Y G, LiTB, SuYZ, HeJJ,
Lid P and Wang Y G. 2024. TourSynbio: a multi-modal large model
and agent framework to bridge text and protein sequences for pro-
tein engineering [ EB/OL]. [ 2024-07-31].
https://arxiv.org/pdf/2408.15299.pdf

Singhal K, Tu T, Gottweis J, Sayres R, Wulczyn E, Hou L, Clark K,
Pfohl S, Cole-Lewis H, Neal D, Schaekermann M, Wang A,
Amin M, Lachgar S, Mansfield P, Prakash S, Green B, Domi-
nowska E, Arcas B A Y, Tomasev N, Liu Y, Wong R, Semturs
C, Mahdavi S S, Barral J], Webster D, Corrado G S, Matias Y,
Azizi S, Karthikesalingam A and Natarajan V. 2023. Towards
expert-level medical question answering with large language models
[EB/OL]. [2024-07-31]. https://arxiv.org/pdf/2305.09617.pdf

Tan Y, Zhang Z X, Li M C, Pan F, Duan H, HuangZ J, Deng H, Yu
ZH, Yang C, Shen G Y, Qi P, Yue CY, Liu Y X, Hong L, Yu
H Q, Fan G S and Tang Y. 2024. MedChatZH: a tuning LLM for
traditional Chinese medicine consultations. Computers in biology
and medicine, 172: #108290 [DOI: 10.1016/j.compbiomed.2024.
108290]

Thawakar O C, Shaker A M, Mullappilly S S, Cholakkal H, Anwer R
M, Khan S, Laaksonen J and Khan F S. 2023. XrayGPT: chest
radiographs summarization using large medical vision-language
models//Proceedings of the 23rd Workshop on Biomedical Natural
Language Processing. Bangkok, Thailand: Association for Compu-

440-448  [DOI:  10.18653/v1/2024.

tational  Linguistics:

bionlp-1.35]

Tian S B, Jin Q, Yeganova L, Lai P T, Zhu Q Q, Chen X Y, Yang Y
F, Chen Q Y, Kim W, Comeau D C, Islamaj R, Kapoor A, Gao X
and Lu Z Y. 2024a. Opportunities and challenges for ChatGPT and
large language models in biomedicine and health. Briefings in Bio-
informatics, 25(1) : #bbad493 [DOI: 10.1093/bib/bbad493 ]

Tian Y H, Gan R Y, Song Y, Zhang J X and Zhang Y D. 2024b.
ChiMed-GPT: a Chinese medical large language model with full
training regime and better alignment to human preferences//Pro-
ceedings of the 62nd Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers). Bangkok, Thai-
land: Association for Computational Linguistics: 7156-7173
[DOI: 10.18653/v1/2024.acl-long.386 ]

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez A N,
Kaiser k. and Polosukhin I. 2017. Attention is all you need//Proceed-
ings of the 31st International Conference on Neural Information Pro-
cessing Systems. Long Beach, USA: Curran Associates Inc.: 6000-
6010

Vedantam R, Lawrence Zitnick C and Parikh D. 2015. CIDEr:
consensus-based image description evaluation//Proceedings of 2015
IEEE Conference on Computer Vision and Pattern Recognition
(CVPR). Boston, USA: IEEE: 4566-4575 [DOI: 10.1109/CVPR.
2015.7299087]

Vinyals O, Toshev A, Bengio S and Erhan D. Show and tell: a neural
image caption generator//Proceedings of 2015 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Boston, USA:
IEEE: 3156-3164 [DOI: 10.1109/CVPR.2015.7298935 ]

Wang C, LiM Y, HeJJ, Wang Z R, Darzi E, ChenZ, YeJ, Li T B,
SuYZ,KeJ, QuKL, LiSX, YuY, Lio P, Wang TY, Wang Y
G and Shen Y Q. 2024. A survey for large language models in bio-
medicine [ EB/OL]. [2024-07-31].
https://arxiv.org/pdf/2409.00133.pdf

Wang H C, Liu C, Xi N W, Qiang Z W, Zhao S D, Qin B and Liu T.
2023a. HuaTuo: tuning LLaMA model with Chinese medical knowl-
edge [ EB/OLJ. [2024-07-31]. https://arxiv.org/pdf/2304.06975.pdf

Wang S, Tang L Y, Lin M Q, Shih G, Ding Y and Peng Y F. 2022a.
Prior knowledge enhances radiology report generation. AMIA Joint
Summits on Translational Science Proceedings, 2022 : 486-495

Wang Z Y, Han HW, Wang L, Li X and Zhou L P. 2022h. Automated
radiographic report generation purely on Transformer: a multicrite-
ria supervised approach. IEEE Transactions on Medical Imaging,
41(10): 2803-2813 [DOI: 10.1109/TM1.2022.3171661 ]

Wang Z Y, Liu L Q, Wang L and Zhou L P. 2023b. R2genGPT': radiol-
ogy report generation with frozen LLMs. Meta-Radiology, 1(3) :
#100033 [ DOT: 10.1016/j.metrad.2023.100033 |

Wang Z Y, Zhou L P, Wang L and Li X. 2021. A self-boosting frame-
work for automated radiographic report generation//Proceedings of
2021 IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition (CVPR). Nashville, USA: IEEE: 2433-2442 [DOI: 10.
1109/CVPR46437.2021.00246 |

1301



1302

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 5,May 2025

Xing S X, Fang J Z, JuZ H, Guo Z and Wang Y. 2024. Research on
automatic generation of multimodal medical image reports based on
memory driven. Journal of Biomedical Engineering, 41(1): 60-69
OWZREE, Jr &P, ¥, $BIE, T . 2024, A TCIZIK Y
RS B AR A B A RS . A R TR AR kR
41(1): 60-69) [DOI: 10.7507/1001-5515.202304001 ]

Xiong H L, Wang S, Zhu Y T, Zhao Z H, Liu Y X, Huang L L, Wang
Q and Shen D G. 2023. DoctorGLM: fine-tuning your Chinese doc-
tor is not a herculean task [EB/OL]. [2024-07-31].
https://arxiv.org/pdf/2304.01097.pdf

XuD X, Chen Y Y, WangJ Y, Huang Y, Wang H P, Jin Z, Wang H
X, Yue W H, He J, Li H and Huang Y. 2024a. MLeVLM:
improve multi-level progressive capabilities based on multimodal
large language model for medical visual question answering//Find-
ings of the Association for Computational Linguistics: ACL 2024.
Bangkok, Thailand: Association for Computational Linguistics:
4977-4997 [DOI: 10.18653/v1/2024.findings-acl.296 |

XuZY, Feng C, Shao R L, Ashby T, Shen Y, Jin D, Cheng Y, Wang
Q F and Huang L F. 2024b. Vision-flan: scaling human-labeled
tasks in visual instruction tuning//Findings of the Association for
Computational Linguistics: ACL 2024. Bangkok, Thailand: Asso-
ciation for Computational Linguistics

Yan H, Liu Y L, Jin L W and Bai X. 2023. The development, applica-
tion, and future of LLM similar to ChatGPT. Journal of Image and
Graphics, 28(9): 27492762 (J* 2, XS\ K, £, HH.
2023. & ChatGPT AL R %2 i |1 F AN 5t . b [ P R B DE 27
%, 28(9): 2749-2762) [ DOI: 10.11834/jig.230536 ]

Yang SH, Zhao HJ, Zhu S B, Zhou G Y, Xu HF, Jia Y X and Zan H
Y. 2024. Zhongjing: enhancing the Chinese medical capabilities of
large language model through expert feedback and real-world multi-
turn dialogue//Proceedings of the 38th AAAI Conference on Artifi-
cial Intelligence. Vancouver, Canada: AAAI: 19368-19376
[DOI: 10.1609/aaai.v38i17.29907 ]

Yao Y F, Duan J H, Xu K D, Cai Y F, Sun Z B and Zhang Y. 2024. A
survey on large language model (LLM) security and privacy: the
good, the bad, and the ugly. High-Confidence Computing, 4(2) :
#100211 [DOI: 10.1016/j.hce.2024.100211 ]

Zhang C, Liwicki S and Cipolla R. 2022. Beyond the CLS token: image

reranking using pretrained vision Transformers//Proceedings of the

33rd British Machine Vision Conference 2022. London, UK:
BMVA Press: #80

Zhang J F, Han X X, Yang Z H, Wang Z C, Zheng J J, Yang Z M and
Zhu J M. 2021. Radiology residency training in China: results from
the first retrospective nationwide survey. Insights into Imaging,
12(1): #25 [DOI: 10.1186/s13244-021-00970-2 ]

Zhang LY, ShuJH, HuJ L, LiF F, He J J, Wang P and Shen Y Q.
2024. Exploring the potential of large language models in radiologi-
cal imaging systems: improving user interface design and func-
tional capabilities. Electronics, 13 (11) : #2002 [DOI: 10.3390/
electronics 13112002 |

Zhang S, Xu Y B, Usuyama N, Xu H W, Bagga J, Tinn R, Preston S,
Rao R, Wei M, Valluri N, Wong C, Tupini A, Wang Y, Mazzola
M, Shukla S, Liden L, Gao J F, Lungren M P, Naumann T,
Wang S and Poon H. 2023. Biomedclip: a multimodal biomedical
foundation model pretrained from fifteen million scientific image-
text pairs [EB/OL]. [2024-07-31 ].
https://arxiv.org/pdf/2303.00915.pdf

Zhang Y X, Wang X S, XuZ Y, Yu Q H, Yuille A and Xu D G. 2020.
When radiology report generation meets knowledge graph//Proceed-
ings of the 34th AAAI Conference on Artificial Intelligence. Palo
Alto, USA: AAAI: 12910-12917 [DOI: 10.1609/aaai. v34i07.
6989

& T

IR, 5 LRI WS T ) BE A R AL BRI
8% 2] . E-mail:232115003@mail sdufe.edu.cn

XVEE BAGIER 2o, 382, MR 5 10 Ry B2z UG AL P B
A AIBLER > o E-mail :liuh_lh@sdufe.edu.cn

VRS, 5 T AR, BT Dy 1] RS A BRFIHIL &7
>J . E-mail:cgg970411@163.com

=L 5 RS AR, RIS 1) R ER AL L

E-mail: 232215050@mail.sdufe.edu.cn

B Fi, 2 B BRI, 322 7 1 R BE A AR T
E-mail : shengyuruil68@sina.com

SRR, B B, LT )5 1 A BRI AL A
{5 BT AL AR 22 ER AL P . E-mail : czhang@sdu.edu.cn



