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Abstract

Medical Visual Question Answering (Med-VQA) is a task that aims to predict reliable and accurate
answers based on medical images and natural language questions. Existing methods primarily rely
on the analysis of medical image features, lacking in-depth modeling of question semantics and failing
to fully consider the distinct semantic understanding requirements of open-ended and closed-ended
questions. Furthermore, medical questions often exhibit strong ambiguity and high context depend-
ence, where textual queries frequently lack sufficient descriptive content. Solely relying on the fusion
of image and text features leads to insufficient cross-modal alignment. To address these issues, this
paper proposes a Dynamic Question Encoding and Knowledge Contrastive Reasoning Model (DKCR)
model. This model employs a dynamic question encoding module to adaptively model questions
based on their types, enhancing semantic representation for open-ended questions while avoiding the
introduction of redundant features for closed-ended ones. To mitigate cross-modal semantic bias,
DKCR’s knowledge contrastive learning constrains the latent representation space through two
pathways—knowledge-image and knowledge-question—promoting consistency and complemen-
tarity of cross-modal features. Concurrently, external knowledge is incorporated to compensate for
insufficient query semantics and enrich question representation. A knowledge-driven co-attention
mechanism facilitates deep interaction and fine-grained alignment among visual, textual, and
knowledge modalities. Experimental results on the VQA-RAD and SLAKE datasets demonstrate that
DKCR outperforms existing methods in overall performance, and ablation studies further validate
the individual value and synergistic benefits of each module.
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Figure 1. Overall structural framework of the DKCR model
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Figure 2. Dynamic question encoding module
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Figure 3. Knowledge driven reasoning fusion module
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Table 1. Detailed information on the medical visual question answering dataset
F 1 EFURRERERFRER

Dataset Data category Training set Validation set Test set
Images 315 315 315
VQA-RAD
QA pairs 3064 3064 451
Images 450 96 96
SLAKE
QA pairs 4919 1053 1061

3.2. hiEHR
5RZ % Med-VQA #AI—F, AR 43 FUEM 2 (Y)E N EZEEAGFabr . ¥ B ALY, 207~k
LR | TGRS S BSARZ, TRANMNAFEARES, WERUER R e LT

Acc=ﬁzieT1(F’i -v,), (30)

Horr, 1) MFRREREL STOURRSE S H SRS BUNIE N 1, B 0.
3.3. SIe4mYs

PN UG 5 R SRS 4R G — W e N 384, FNUARAS BRI 4E 5 256, FF KA 12 NMER 13k
(B SKAYERE N 32). i) i N R KK B IR 32, BERH N K /N Ny 224 x 224, I 23 A5 A4 A
AdamW e 4k 28, WIaG %> R B E N 5e-5, fitK/NA 16, AT sLI64I7E 5Kk NVIDIA RTX 3090 GPU
e FEARSCBRERBETE b, AR A [ SE N 1, TR LA e AT R S BOEAT AL, BLE AR [E]
At B AR TTHR -

3.4. ERFBEEARELE

NESUEFTHE H DKCR B8 AR MERE, A ORI S VQA-RAD Fll SLAKE #idi 5 F4ii R RE M
Mt AT T, g5 R 2 R, N T AR, IRATEAFECE S 23 T DALNet-WSE [12]+

DOI: 10.12677/csa.2026.164138 386 HEHUR 5 R


https://doi.org/10.12677/csa.2026.164138

STy

ARL [13]81 LaPA [14], THART kM4 Rk B HIR G0 3.

5 CR K H:A £ J7i% CPCR A1 CPRD #tt, DKCR fEF N4 FIEE 7 2 FE M. RE Eidy
PRI I R SR B N AL SR T T2 AR T, (@R AN R S ORI, B = A AR
YA, AHEZ T, DKCR FI NSRRI FE B AR 50 AR MU 5 inl @SR AE, A MR T 15 UAILED
o, 5 RS = AR A0iR ) DALNet-WSE #tb, DKCR 7E VQA-RAD 5 SLAKE | 3R ff 50 il #2
F T 2.20%5 2.21%, I LIRAE T AMBER AR R AN S RAEA R 77 T B HEAEH o B TR
M AMAM 5 VG-CALF il i AR VE = ARG 5 7S A B, (Bl T e sk = 51iR 51 LW,
FBARMERETIA S DKCR. X B, AH LA — 3 B UL, K AR 5] Ve )5 5 b2 SIS 4
T REA RS RS TE U 22

Table 2. Comparison and analysis of results with state-of-the-art models
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MKBN [16]
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ARL* [13]
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MKGF [22]
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Open-ended
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60.50
52.50
63.88
61.80
67.23
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65.10
66.48
60.10
67.00
59.40
59.80
61.51

69.83

VQA-RAD
Closed-ended
79.30
80.40
77.90

80.37

81.60
83.46
84.80
85.96
85.29
80.00
85.50
80.50
82.60
83.67

86.02

Overall

71.60

72.50

67.80

73.39

73.70

77.01

77.40

77.55

77.82

72.10

76.10

72.10

73.20

72.59

79.60

Open-ended
78.80
80.50

79.50

77.70
74.70
80.31
79.04
79.70
79.84
78.40
81.40
79.20
81.10
69.66

82.09

SLAKE
Closed-ended Overall
80.00 82.00
84.10 81.90
83.40 81.10
85.10 80.60
91.10 81.20
87.82 83.25
89.30 82.47
89.30 84.10
86.53 82.46
82.50 80.10
83.80 83.30
84.40 81.20
85.70 83.10
82.93 76.30
88.70 84.68

M T FEESIANIMTZR ) MKBN 5 LaPA, DKCR LRI H EAR A MRS .

MKBN =28 508 5 40

By SCAHRANTE, LaPA i 25 25 22 BN SRR 1 ZUBE T8 F 25 18] — 20t . DKCR 3l i WUk A2 %) b2 31 5 401K
Sl SERE NS, T E SR ARARLSNT 5. 325 54 AR AMNBARIER ARL XTEE, DKCR
FEFF G R A E R BHE AT ARL. X EZHINT DQE Xt Al @2 Y (1) [X 43 K€ J1 LA KK L2 3T %)
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RRE P SOR TP, (AR R AR BT T il AT B 402 B 4 o P08 SCAHTY, [ 3 i P ) AR
ETLAR -

AR M212 AL, R M212 8 SLAKE (3 P 3R B E RIS A, {5 DKCR £ T8 i 3 &
ERHER R L3 AL, R L EE SR TE SOERRE ST . [FIRE, MECT M3BAE 5 INE B2k 753, DKCR
FEPIAN Bl AL RIS R e 4R Tt 10 W AR SR AT U2 S0 B TR SRR 2 50 R iR SRR R
BEAh, RUE MKGF file 7 iR i ansfeng, HEREVY T DKCR, it BIOCEEAG 2 4 9 vk DL ORAEES AR A S
ZEHI—EE . DKCR LS LA ST AR RS v B Bt — 118 SCAsA),  ANTTT S B T LAy — B
(RIRAERS 55«

£k LTk, DKCR f£ VQA-RAD I SLAKE XU 1 BARLHIVERE, JUHAETT X )l b T 5%
ZAMFA VT DQE X 1ol B AN A . AR 51T AU XU AR Lo 2 5T AR 51 R L], =3 R
T 2R S S — xS 5

3.5. jHRESELE

N ARG T TR A & 2 S HOG A B I DR, JEiE— PR R EATZ R RE R, FRATT
THIESLE 1 LA T R S50

(1) Baseline: £ M3AE HEAZELA FA IR ALARAS, A 5| AEAT AN ARG B

(2) DKCR (ND): A4S DQE, FrA I di¥ i H 4t — 1) BERT fib#sab 2 ;

(3) DKCR (NG): Xf sl 5 #f = n @i4i— K A BERT + SWE WA 4l )7 3

(4) DKCR (NC): #ZBREIRXFLL22 2], AN 0 AT 5%

(5) DKCR (NDC): [A]i 22 DQE FIHIHANT Lh2 5], AN B MR DK S HE B 5

(6) DKCR (NK): ZHs M AL KRR L 2, AU BUR S SCARRHIE T 2SRl A

(7) DKCR (NA): B2 IR B I8 0, i = FRES RHIE B PHE 5 18 N o 88T & T
s

(8) DKCR (NQ): fHF% QCR #ibl, & X HHd: 5% 7158 B G HIRFAE AL K 5

(9) DKCR (Q-V): 5l FiE = /145 kgrh AL OR B 1) 5| 3 R R IR R A%

(10) DKCR (V-Q): 5l Sk = 45 h A IR B BUE 51 2 in) @R E R AT

% 3454 T DKCR AL B 7E VQA-RAD Ml SLAKE $dt4E I (g

1) DQE jHfkszL: % 3 Eon, 5 DKCR (ND)MitL, DKCR 7 VQA-RAD Fll SLAKE %#i4: [ {8 {4
HER 27 T 2.99% 5 1.32%. Horr, JFsainl @R THEON B3, i E P2 e B AR AT, %4
FEH, T8k ) B S R E SRR AE, BERT + SWE FUI & 4 il BN 58 A5 RO 55 4938 S B, M
7 438 S A P T o

Ht—E %t DKCR 5 DKCR (NG), MW EF IR E2 R A K, (EAES S - DKCR 437
FETF 1.47%F1 2.41%, X BEHIRTT-25 K S G 25 S8 A0 A B A 3 T X e) 3, K gy vl /i 51 N TU AR ARFAE
B FE AT 55 H AR . BRI S, DQE R RESE SR Y o) 735 X e i ) SRR J0, X Rg ikt S Ayt
R RGN RE R EIFE S TURSE, MR FHE AL [F] ] R AL N R F i 5 & ek

EAFVLEA /2, DQE H Y il R AL 4y AR ST N T OCBEA AN, 1M A2 ph e 4 ml 2 2] 4y 2888 F 3l
FERL. NI TSR, AT — B GE T i RAE NN BRI RE, HAE VQA-RAD il SLAKE
A4 R HER 22 43 )5 F) 99.33% 1 99.81% . IX K HH TR I [l RS 2R 1R SREm B B AR e 1, BRSO
JE LB ML AT IE BRI PR ARYE . DB RAEAR FEE P AL A S B IE LR RA T2
(A G, H T LR, R o A AR AR 1 e s e A PR
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Table 3. Study on ablation of DKCR in different states on VQA-RAD and SLAKE datasets
%< 3. VQA-RAD #1 SLAKE ##E& E A EKZS DKCR BRI SR

VQA-RAD SLAKE

Method
Open-ended  Closed-ended Overall Open-ended  Closed-ended Overall
Baseline 64.80 83.08 75.83 80.31 85.81 82.46
DKCR (ND) 63.68 85.29 76.71 80.46 87.98 8341
DKCR (NG) 68.71 84.55 78.27 81.24 86.29 83.22
DKCR (NC) 68.71 84.19 78.04 80.62 90.14 84.35
DKCR (NDC) 64.80 81.98 75.16 81.24 87.01 83.50
DKCR (NK) 65.36 82.35 75.60 80.46 87.98 83.41
DKCR (NA) 62.01 79.41 72.50 80.93 86.29 83.03
DKCR (NQ) 68.15 85.08 78.36 81.55 88.22 84.16
DKCR (Q-V) 67.03 84.55 77.60 80.77 86.53 83.03
DKCR (V-Q) 65.92 83.82 76.71 78.75 87.98 82.37
DKCR 69.83 86.02 79.60 82.09 88.70 84.68

2) KRN L ST ARG F VQA-RAD %i#ii4E |-, DKCR #H%:T DKCR (NC)EF izl i, &
) X ) R R AR B 620 R TT 3.35%. 1.83%7F11 2.44%, X 76 43 15 B X b 2 ST AE S ARG U 5 )
eI 3G SR T T R HE T AR, JUAEE SO A% o e A ) R S A

L2 R, 7E SLAKE ##fi 4 I, DKCR (NC)7EFF/aN in) @[ 4%: DKCR T F# 1.47%, &4 A 2k
& T DKCR, {H7EE P il L i LT DKCR, 31X 3 BA df 1 2K ) 750 B8 9 65 ) 30 P R A0 T A R 2 S i
B, b b IR MRS ) R AT R S N BRI, AT AR R TP, TR, Bt e ST AP R T
IXFRRE R ) R B I R I

#—P H % DKCR (NC)5 DKCR (NDC)AI WL, Ja& fEP M4 46 Bt pe o W38 NI, Btixt
5] 5 DQE HAF HAME, 11 I8 i QA B e R AE 2= [ (R b B i — 5tk 5 2 @ it 1) AR AR 3
PRTHE SR, —F W EVE#{H T DKCR 765 4% Med-VQA {155 T (1 i = B .

3) FNiRHEFEELAH ARG Wik 3 iR, DKCR #H%:T DKCR (NK)7E VQA-RAD Fll SLAKE ##ii 4
R R UER R 4 BT 4.00%5 1.27%, FHHET Baseline, X% WISUKHIILE 518 5 M LS 097
AEEBAIE N ER, SMBEZIIREGIANMOBERSE M T £ 5 1R E R, H5R 75 LR S G
71, T HEEGH SRS, AR EE T B TE U A 5, TR THS Y (& ke ik 532 1.

TEFEIAAE HJ7TH, DKCR (NA)YE VQA-RAD b 1ERERME T RE, 3 B ) B2 e DAl A4S ) 2 O
W= R, £ SLAKE I, BEARIEEAAL: AL T Baseline, (KT 52 AR, 1 WA e BRI 5
T, FHEPHE BRRRFE—E S BB, AR AN ZIMBLAS M 2E B /7. DKCR (NQ)M¥I4 B H
X T DKCR, {EE{K4E AT Baseline. DKCR (NK)AiI DKCR (NA), XiF T QCR fEMLILEL & KRS
s Re 707 TH BB R .

BB M B AE YR R A%, 45 3 R DKCR (Q-V) 5 DKCR (V-Q)7E VQA-RAD #ii4E 94
T DKCR (NA), R B EREE DRSO R. £ SLAKE $i#E 4 I, DKCR(Q-V)5
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DKCR (NA) 15 R #ERf 22 45F, 1 DKCR (V-Q)fik - T- DKCR (NA), 1t B b 5 {0t 5. 1) 45 S 3 v e S 3U(E
BEVESIE SRR, 28R DKCR £ M E S F4ET DKCR (Q-V)#I DKCR (V-Q), iIFB 1 &1k
PR 7E S IR FE B A5 X6 55 I i HE B RE 707 T A 2, RIS ™2 T AR 51 5 2 AS B AME#.

3.6. BHREE ST

N T ANRKAE DKCR it B, AT H O 2 B0tk 4T 1 SRR 7

1) AR A B RBUZ DM 8 RSl SWE B 240 4 M1E ], A SC/E VQA-RAD 5 SLAKE
Bl FdbAT REUE AT, A BUMETEE#E 8[0.1,1.0], 455 a1 4 fios. 78 VQA-RAD Hidla 4 I, FFiK
2] R AR 2R B A B A RO RS, HTE A =05 WA FIE(E : FF P =] B0 A I BUB A XA,
£ A =08 BRI ERE . IZIR U] A BB EAE TG B AR R, (HAE RS & SX
S Bet /T RE S| AR A AR A, T ()RR M P S5 R . VQA-RAD £ 4 = 0.5 I AR HERf R 5
i PRI ASCAEIZ 4R EFE 1=05 . MEZ T, SLAKE ##E8EAE =Idabr (0T it 000 B ik
HERG ) YR B Y S o A A B HL R I AN R JE B SN ABURK » 24 A = 0.9 I = 30T H A [F) oA 21 e e
WAIE T AE AR S5 5 T Y 9 )1 SURHE ST B TR T I B R RE . 4R b, S B A MR RE R A B
RN, KBS AR SRR 2T P AT AN R R EE AL A L

VQA-RAD SLAKE
90.0 91.0
—&— Open-ended —8— Open-ended
—8— Closed-ended —8— Closed-ended
86.04 Overall - - 89.0 1 —@— Overall orhos oohos 88.46
84.55 . 84,55 84.55 - 87.74 -
0\83’_823_32.’,2’.19/‘\@_'82/0/‘\0\83’_52 . 87.50 87.50 7.50
87.0 1 e
82.0 3
) 7915 i 85.0
o 83.22 83.41
3 82.8
g 83.0 1 256 : P 8285 8246 82 137
74.0 4 81.39
81.24 —
81.0 4 80.46
7015 ; 79.37
69,83 79.27
70.0 4 ) 06
) 69, 071 5% car1 %7 | 79.01 - B
67, : 5
66.0 T T T T T 77.0 T T T T T
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
A A

Figure 4. The impact of sentence weight A on the overall accuracy of two datasets

& 4. A)HEAARE A MR EIRE B AER R

2) KIROGE A ST L AR JRUGE El 2 ST 45 H R — I R Ll 2 o 5 R - BSOS Bl ST
SR B S o MBI . N T PRI S LS AR AE B AR A P A E D, ASCHE
VQA-RAD 5 SLAKE ##i5 4k [5x4 o 5 ST T 4R R, SR WK 5 fs. 75 VQA-RAD %4k
b, BERURAMEREN o 5 B RS UK, SATER AT 77.16%3%] 79.15% (A E), T a=05,
B=LONERE . BE o 54 BUERIE R, BAIVERE 2N FFtass, ROHIZEIR S5 P A& 42 AR
BB EA AR TR, SHEMEF AN - BRI . SLAKE $s 42 VR [ AE 0 B350k 8,
AR R AR TEE N 82.17%% 84.16%, JifE a=2.0, B=2.0Kk% 5, 0% & E6m 1w
SRR E . PR SRS B BTN R R SR A RIS AR T TN TEZE 52 VQA-
RAD 7E LR BRI LN RBUE, 1 SLAKE 77 2 B R (A1 EL 2 S MBS 5. Rt — B I81E 1 BT
P 1) 22 B AR T Ll 2% ST HESRAE AN [RIT 553 S5 v 0903 7 P R A 1
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VQA-RAD SLAKE
79.00
78.75
78.50
78.25

- 78.00

-71.75

-82.0
-77.50
- 71.25 -815

-77.00

Qa a

Figure 5. Impact of hyperparameters o and /8 in knowledge contrastive learning on the overall accuracy of the VQA-RAD and
SLAKE datasets
5. fMAX L F SBEH o 5 % VQA-RAD 1 SLAKE iR 2 A ER R A0

3) PRI IIRFE SN : £ DKCR B, JEE 250 L JU€ 7 ZBUSRa IR . Wik 4
s H L HC2~4 R, BRI i )R R R A R A A, Ul B s X DA TS 0 d e R ) TR R
I ORI, R AR ISR RHER . R A ME 6 /=, MR TT i 5 B i o ) L B ik
HER R IRk B, JUHAE 2 P HEBL I TFSGAE 55 PR T B2 o KR IIE IR A B TRt L v 5
WE SRR, ZBPMESN5E, HR AR AR 7T, R0, 2 LS 8 =R, PhReRit
BT, W tEARE E MBUR MR . R RO IR G S d U, AR N R, RINIRR
ZERINIRIRR LT, 8N TR HE RS, oMl siRe ek, SFEERENSh. AT S, 6 R SGEREN
LERIAE SIS I T i T BEORIE 1 A2 W8 IR & TR B AR R AR B AR S, DU B 17 i IR W 4 e
R BIIN R AAE 52 A X

Table 4. The effect of the number of attention layers L on the accuracy of VQA-RAD and SLAKE datasets
4 FENEH L 5t VQA-RAD 5 SLAKE #iE&E EMFRASN

VQA-RAD SLAKE
) Open-ended Closed-ended Overall Open-ended Closed-ended Overall
2 67.59 79.77 74.94 80.46 86.77 82.94
4 66.48 84.55 77.38 80.45 87.74 83.31
6 69.13 85.96 79.28 82.05 88.70 84.65
8 66.48 84.19 77.16 79.84 87.01 82.65
3.7. EMSHT

N T EE WL E N DKCR M HARRIEAS [F SR A m) il bR 22 5, FRATTX VQA-RAD £is££ 1 =4~
SEfl(as b €)X SLAKE Fda4E ) = A szfl(ds ev HIETEMSHT, Wk 6 Firs.
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Question:What skeletal joint is seen in this image?
Answer:Sacroiliac joint

Baseline:Early hemorrhage

DKCR(ND):Fat

DKCR(NC):Sacroiliac joint

DKCR(NK):Sacroiliac joint

DKCR:Sacroiliac join

Question:ls this an axial view of the brain?
Answer:Yes

Baseline:Yes

DKCR(ND):No

Bl | DKCR(NC):No

DKCR(NK):No

DKCR:Yes

Question:Where are the kidney?
Answer:Not seen here
Baseline:Left

DKCR(ND):Not seen here
DKCR(NC):Not seen here
DKCR(NK):Left

DKCR:Not seen here

Question:ls the lung healthy?

' q fF F Answgr:No

A NS ‘A 2 |
’ ik DKCR(NC):NO
o |

‘ DKCR(NK):No
Question:How many kidneys are there in this image?

DKCR:No

Answer:2

Baseline:1
(e) & ' DKCR(ND):2
X DKCR(NC):2
DKCR(NK):2

DKCR:2

Question:Which is smaller in this image,kidney or small bowel?
Answer:Kidney

Baseline:Esophagus

DKCR(ND):Kidney

DKCR(NC):Small Bowel

DKCR(NK):Kidney

DKCR:Small Bowel

Input Image  Baseline ~ DKCR(ND)  DKCR(NC)  DKCR(NK) DKCR

Figure 6. Visual results of DKCR, with correct and incorrect predictions highlighted in green and red
[E 6. DKCR WA ILER, EMFBIRMNTNSAAZENLESRER

ZHl(@)F, Baseline 5 DKCR (ND)EIyE: & 734 ] G b 2 X3 o1 S AL sl 45 0, PR AR AR
T . 5% DKCR M A% {& DKCR (NC). DKCR (NK) HEAE i 5 A5 T BEEE 51X — I X Ik, A IERETH

DFRAE T AT SR S . W MBS 2 T I B(b)F, DKCR BENL RS H AN &= (6 FREE 1, VER )
G35 ) EE SR BEVTIC s HA AR RV R 2 0 BT BUR A 2 X 3k,  TEiEA BUd % 04544 ; Baseline
BTN IR, (HER BN, R RE — S AR, PR REERIG. ZBlc)H, % CT BHEsE
PRI i, Baseline 5 DKCR (NK)Gk = SCHEE X 513, 77 AAAAE B IR 2058 700 s 51 N AMEB %R ) DKCR
(ND). DKCR (NC) X 5¢% DKCR ¥ ge e i B IE ARSI &, HIEs Rl “Rnr L, RSN
VUSRS 7 OCHE ERER, SR 7SS Iz 50, $2T- 7 I i HErfi Ve 5 & B

B e AT S, T 3 B G 0 S S B, W B A E SRR A, i AR A
PR AT IR X 35, AER I B AE R4t BRI S . RBl(e)H, A BLAYSS G B X I, (Hik
THIRERS, HEMREE 5B S0E 2 RS, Baseline FE 39S, DKCR (NK)EME A 'S, f£iE
SCABIHLEIER T, DKCR (NK)RI ¥ @i B G Bl 2 A S Xk, SZHIEM . %41(f)+ DKCR (ND)FI
DKCR (NC)JiE X sk 4 i F LBk LA 454, DKCR [FIIF JeyE /N 1B ik, (HERE /N, &S
oI 2K WL
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3.8. BAEIRESHT

VPG DKCR BISE 1, ASCHOHR 7 H 5 F B AE S50 . A7 5 F DA SO 2R A3
BPE) BRI 2SR, SRAE 7 FR. HORIEHEI AP, BTA RCR T R ITEAR AR AFF & F g — SE30 1
B4t MAKRE, DKCR ISR N 400M, H5@IELL LaPA [ 404M BAL T [F—&9, A /MR
B0, Ui BH AT H A B A B GRAD  JOTRUGT L 2% STORE SO I SRR R AR R B B S EUE K . W BAF
FH#KE , DKCR TEUIZRBY BRI B 16 A7 5 F 38 B BAK T LaPA, R LAE (R RFR R R 8 1 1 )
I LA B A (1 % A )

| 409 =3 DKCR
Parameter | [ 404
=3 LaPA

Count (M)
213 [ Baseline

6327
Test Memory | 11442
Usage (MiB) 2390

| 23649
Train Memory | | 29488
Usage (MiB) 8216

SLAKE a8
Test Time/ 10
Epoch (s) 12

Metrics

SLAKE | 178
Train Time/ | 205
Epoch (s) 74.44

VQA-RAD 14
Test Time/ 13
Epoch (s) 19

VQA-RAD | 101
Train Time/ [ 80
Epoch (s) | 53

10! 102 103 104
Value (log scale)

Figure 7. Time efficiency and resource consumption: DKCR vs. LaPA vs. Baseline
7. BHEI RS ZIRHFE: DKCR vs. LaPA vs. B4k

MBS A 85K E, DKCR fEA R HHE £ FIRIAF/E—E %R £ VQA-RAD I, DKCR HJJIZREF
[H] %= LaPA F1 Baseline, {HILNRS 5 LaPA FEA$zL, JHLT Baseline; 7& SLAKE I, DKCR ]
WIZEIS T AR T LaPA, (BRI [RIAA XS K o X 360, DKCR AT il BEL AR . MR R AN 2 A A HEEE A
71, SINT —@BAMA e R RS, JUHAEBORRUB R 4 L IHEE Y B A . 28515, DKCR &
SR AR IR B B R AR Y, (HTE S BN 525 0 A5 0 T SEBL T B i A7, HRfEvERESR T
SIS SAR 2 [AHUAR T BON A P

3.9. HIRRGIOHT

R AT HE VA DKCR B )R PR, AR SO i (1 BB RGP A AT T 40 M. 5 R EH, ALY
RFBEERTE =R EAWREHIRTR IR S A RE R e AR, LR Z HARLL
BARS PRI RHERA L

sl 8(a) s, EE G BERRES T, S BRI UE o5 e — AN R 43 Baseline Al DKCR
(ND)fi[7) Pulmonary edema, DKCR (NC). DKCR (NK)#1 DKCR il Cardiomegaly. #/jEIZH,
B CLRR A% TR 20070 FH OGRS DX 4, R 2 AR A — R AT HI, R RETE O AL
TR AR

wiE 8(b)FoR, BT 245 BE R BORLR (6 B2 TH . IR, 18 O RE6S I8 73 T 7
3K, (HA AR AR E WL T temporal lobe [ 530 -5 0 o =5 8 1 0 350 e 87 PS50 5 S JO i 2 S 2D 18
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T

Question:What is the pathology?
Answer:Cardiomegaly with pulmonary edema
Baseline:Pulmonary edema
DKCR(ND):Pulmonary edema
DKCR(NC):Cardiomegaly
DKCR(NK):Cardiomegaly

DKCR:Cardiomegaly

Question:Where is the abnormality located?
Answer:Right temporal lobe

Baseline:Right cerebellopontine angle
DKCR(ND):Right side

DKCR(NC):Right hemisphere
DKCR(NK):Right

DKCR:Right side

Input Image  Baseline DKCR(ND) DKCR(NC)  DKCR(NK) DKCR

Figure 8. Failure case

& 8. KMz bl

IeAh, 1EZ HARBUTES , A B RE R I 0E 2 Mgk X3, (RA7) AT B RO B IE P BUE 2 Be A&
PRI P2 AR ). LLIE 6(F) ), BRI SevE 3] T kidney A1 small bowel [X 12, 18 % 2% 5 4k 1] small bowel ,
SEULEAIWET 1%

MK S, HHR BTSRRI ANTS € DKCR 7E B s 50 A1iRIE LA FR A 2 B HERE 7
A 2, 2R Y AR B A BEAE SR il AR BE A5 8 DR 22 b LU 2 25 o B 3
NANAFAERE— DR T2 A AR AT — 20 45 & X S SR BE RS A R R AL, DASRTHISI B TR 1 R e 2
PUBE 0] AT 55 TR R B

4, &5ig

ACHRH T DKCR B, ZBAERY 7 DQE. AN LE 2 I A SRR G SVER /AL, ASELEE A &L
RIBE LS SO SF SR, BRI, DQE AT RENS HRE i AR A Zh 25 R BE SO gt Ems,  BEf 52
TS ) SR 2% T8 S, S et dab P 1) i A TUARARHAIE o RHR BRI 27 51 T R 06 55 AR IR 2 iR
HEBEIOR, (CH B B, HXUEAR T SO VFIRSE Bl S RE T, T s AR (b g
J1e FRG FUE R IE L 05 SRR S (M IR FEAZ B, A MR RS TE L. /£ VQA-RAD Al
SLAKE %ifis 6 b IN AT SE a0 E 1 B2 th I3k AT Rk o AROR TARAS Bl 58 X Ik i A . SR 4 ) HE
BRI LA S M AN AR T, BLik— AR TR AL AR R IR PR AL ] B A 55 (1 B itk 52 AL fiE

SE
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