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Question: What is showing
increased eosinophilia of
cytoplasm, and swelling of |
occasional cells?

Please generate a detailed
and objective reasons for
this issue: {Q}.

Answer:
Early(reversible) ischemic
injury User

shows cells with increased
cytoplasmic  eosinophilia

and swelling, indicating
: early reversible is chemic

injury.
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J ik VQA-RAD PATHVQA
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BiomedGPT-S 13.40 57.80 10.70 84.20
BiomedGPT-M 53.60 65.07 12.50 85.70
BiomedCLIP — 79.80 — —
PubMedCLIP 60.10 80.00 — —
VL Encoder—Decoder — 82.47 — 85.61
M212 — 83.50 — 88.00
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KT 60.74 84.60 35.19 91.80
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H10.69%.

T B DR U SR I A R SO0 A Y M e 1Y B
Wi, AR SCHE A R RO O AU SRR I E R A2 O
Top-2 % HH 5EHE, FEH/E VQA-RAD B £ 17 58 =i Bt
W, ZSERRW T AR KRB BRG] T MR- T
TER, fEREAd s 7 AR A . S i e e Ak
SEAEF, AT DA 20 AR FE 0 5 R v b B R e P S )
I, WRERA R LK, £ VQA-RAD Hl 2T
A AR S HER RIS A BT N . X R 2R L KA A7 LY
SR TR AR T I, SRTHLANIE BRI 2SS B TERE
eI

SN T B I S A A AE 0] I 2 2 RS AT 45 1 T
FiR, 0T B T s YA A T8 2 T S A R P L 4 B O AL
RERFUES 5 N IR WL R LLEH, Bl
B B HE T AR A R TR (O HEBR R T, RS R AE T R
1155 LRI AT . XRPEE W ZAT55 %0 T 90
YR T 20, SR AR B A B HE 2 0 )y =y BLid i
SIUFRRGE D A AR R, B T HERL R E S

G IH R SEI A5 AL, AT BLAE M MoE 4514 55 4k
TSR AE % 2 BOSHEBR AR 55 o B BAMIAERT . MoE id@id
B R B A B B AL 3 SR AR ) A& B 7, B LR AR TE VI
I I VB X, PG SR HE TR AR ) . T R AR BEHE
PR I 530 5] SRR HERL Y 7 2, $R R T AR R
P U AR A A AR SO A R Z BRI 5 T, IRIR R
BRBAE ZR AR TR R

3 &5

AR SCERRT IR B S A ) 2 2 A28 K8 5 A 2 A il A7 AE
T SRR s AT I I 1 5 4 ) R T — R IED [ T 4
B TR ZE R AR A FRA, RN 4 S A Ak B
HEBSCHL T — R R TR IR L 10 B R L. AT
TEIEW AR5 VQA HiR 5 Ffh BE TR LU AL S 13 . AH
Lo T FA SR LR AR, AR SO VRAE FRAR T S AR (T IR, o
AN TR, [, ResMoE-Med [ & AL 45 P fif 1L
FEE T BRI S IREAEE, B S h B B UR A2 B3 s R IR
HELRST Al RGUHRME TR AR AL

SE K :

[1]LIU B, ZHAN L M, XU L, et al. SLAKE: a semantically-la-
beled knowledge-enhanced dataset for medical visual ques-
tion answering[C]//2021 IEEE 18th International Symposium
on Biomedical Imaging (ISBI). Piscataway:IEEE, 2021:
1650-1654.

[2]ILI C Y, WONG C, ZHANG 8, et al. LLaVA-Med: training
a large language-and-vision assistant for biomedicine in

one day[EB/OL]. (2023-06-01)[2025-09-18].https://doi.

2025&%1155@



B SEERA >

org/10.48550/arXiv.2306.00890.

[3JGRATTAFIORI A, DUBEY A, JAUHRI A, et al. The Llama 3
herd of models[EB/OL]. (2024-11-23)[2025-09-25]. https://
doi.org/10.48550/arXiv.2407.217.

[4]SHEN S, YAO Z W, LI C Y, et al. Scaling vision-language
models with sparse mixture of experts[C]//Findings of the
Association for Computational Linguistics: EMNLP 2023.
Brussels: ACL, 2023:11329-11344.

[S]THE K M, ZHANG X Y, REN S Q, et al. Deep residual learn-
ing for image recognition[C]// 2016 IEEE Conference
on Computer Vision and Pattern Recognition (CVPR).
Piscataway: IEEE, 2016: 770-778.

[6]JFAN Z H, TANG J L, CHEN W, et al. Al hospital: interactive
evaluation and collaboration of LLMs as intern doctors for
clinical diagnosis[EB/OL].(2024-02-21)[2025-09-12]. https://
arxiv.org/html/2402.09742v2.

[71YOU H X, SUN R, WANG Z C, et al. IdealGPT: iteratively
decomposing vision and language reasoning via large lan-
guage models[EB/OL].(2025-04-11)[2025-09-12]. https://doi.
org/10.48550/arXiv.2305.14985.

[8]ZHANG Z S, ZHANG A, LI M, et al. Multimodal chain-of-
thought reasoning in language models[EB/OL]. (2024-05-20)
[2025-09-25].https://doi.org/10.48550/arXiv.2302.00923.

[9]LIN B, TANG Z Y, YE Y, et al. MoE-LLaVA: mixture of ex-

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

(L% 78 1)

[S1 BB, @R, Z2HAR, F . 3AEEH sl ey — 45 4R
#%m%m%wﬁﬁﬁf%U]L@%&%ﬁ&ﬁ,%ﬁ,
58(5): 1031-1041.

(6] Ak, B#H%, 2X# % AT =R RE A&
@%%Fﬁ%%@%ﬁﬁ&*U}%&%ﬁ#ﬁ&gmz
37(1): 357-366.

[7] #it B, B, B4008 5 | K THAIRAP 4 M 269 0 o &
FHH R [1]. BRI ,2023(8): 158-160

[8] ki if , M N, TR, 5 . K T34 3% ) K AL B e deAd
2 W 2 09 M HIEE A D). R ERan I 2 B R 2022,37(3):
1214-1222.

[9] ddgde | F 22, &R . KT A LSTM A2 F 4 450
HFWRETM T L[] T EERE RE 2022,32(6): 198-
202.

[10] 2% ,
=4 [J].

m 2025 FF55 11 Hi

FH%, KA AT GRU AV & F & 69 0 3 i 2%
i bR A 2 8 4R 2020,55(3): 510-520.

perts for large vision-language models[EB/OL].(2024-12-23)
[2025-09-25].https://doi.org/10.48550/arXiv.2401.15947.

[T0]JLAU J J, GAYEN S, ABACHA A B, et al. A dataset of clini-
cally generated visual questions and answers about radiology
images[J/OL]. Scientific data, 2018[2025-09-11].https://www.
nature.com/articles/sdata2018251.

[I1JHE X H, ZHANG Y C, MOU L T, et al. PathVQA: 30000+
questions for medical visual question answering[EB/OL].
(2020-03-07)[2025-09-25].https://doi.org/10.48550/ar-
Xiv.2003.10286.

[EZEE ]
EEL (1999—) , B, w@lskmEA
R HRE. HEEE.
AT (1999—) , B, LAEFRA,
KRG ARETRE, FAFIS%,
%F & (1981—) , B, BAITERA, SAEHFTE,
WIR, R EFEELEF REFT.
F A (1964—) , #B1Z 4% (email:datutu2002@sina.
com) , B, BRAILFFARA, MEHRE, #K., M+
RARFHIF, HRTE: BRLE, FEF.
(lcAs B #A: 2025-05-30 14 e B #7: 2025-11-10)

MEFRLAE, 5

MEFRAE, 5

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

[11] R85k R EF S H5Ap 2
2023.

[12]JAURELIEN G. #U 3 5 3] 52 #% : &£ T Scikit-Learn #= Ten-
sorFlow[M]. 4L 7% : HLAk Tk h B4k 2018,

[13] F AL, T&, BHE, % AT Kanirirsm
By IR AR B AIRA Tk ABFRE LA T B AE
F 48] [J]. A A= 2 e 2023,23(5): 217-221.

[14] 3%, 248445 A F2ELSIMW AL ZGR L ESGF
AR TR [7]. £ 35 R4 TAZH IR ,2022,43(1): 161-169.

M2 [M]. 467 & F Tk th ik,

[{E& &N
k¥ (1987—) , 4, LAEAEFA,
RITE: wh ABIRTT K ST AT AL
CUcAS B #: 2025-05-28 4= A #: 2025-11-14)

M, TALIF,



