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Medical Visual Question Answering Basedon Cross-Modal
Attention Feature Enhancement

LIU Kai, REN Hongyi, LI Ying, JI Yi, LIU Chunping”
(School of Computer Science and Technology. Soochow Univérsitys Suzhou 215006, Jiangsu, China)

[ Abstract] Medical Visual Question Answering (Med-VQA) (requires™an understanding of content related to both
medical images and text-based questions. Therefore, designing,effective modal representations and cross-modal
fusion methods is crucial for performing well in Med-VIQA tasks. Currently, Med-VQA methods focus only on the
global features of medical images and the distributionhof attention within a single modality, ignoring medical
information in the local features of images and cro§s-modal interactions, thereby limiting the understanding of
image content. This study proposes the Cro§s-Modal*Attention-Guided Medical VQA (CMAG-MVQA) model.
First, based on U-Net encoding, this method effectively enhances the local features of an image. Second, from the
perspective of cross-modal collaboratiofis, a selection guided attention method is proposed to introduce interactive
information from other modalities. . In ‘addition, a self-attention mechanism is used to further enhance the image
representation obtained by selective, gtided attention acquisition. Ablation and comparative experiments on the
VQA-RAD medical question-answering dataset show that the proposed method performs well in Med-VQA tasks
and improves feature representation performance compared to similar methods.

[Key words]) cross-modaluinteraction; attention mechanism; Medical Visual Question Answering (Med-VQA) ;
feature fusion; feature enhancement

0 3|

P 27 L5 ) 227 (Med-VQAD 1R g — A8 24 03¢
U T B TS Wb B BRI L (H M RS 3 R
WHIRIE . Med-VQA DL~ RIZR I B 7 RGAH
B HARTE S TR g A DL SRR 5 28 S
o X HOHAL I 255 2T 55 - Med-VQA 75 %
(e B ok PSR SCAS P 2 2 A B K PRLABOR SO
15 BHATRLE Kt Med-VQA J&— T H A Hk ik

[l

KRB 2023-11-27 f&E BHE. 2024-03-12

45 . FAE 2018 4F, PENG %V 2 8 WLk ik
G SEBIVURIIE & 41 T UMass £81, i%
R i B 2o RS AU st A 45 Wb ) 7 2 T AL A
gh G B T M 4 R RRAE 5 ) 8 SCAREAE 9 DE g
FREE TS | AR 45 H IR A 1255, AR T AR R I
WA % b8 SRS 18] () 22 B . DA BR il T H e
Med-VQA | f % . ABBISHEK %%
DenseNet"*' %} 4 5 SCAFRAE E4T 40 B L 76 K15 5
SCARME BIRRB/NNEBL T B R 5 SCARSRAE

BESTH: HEEKRBEIE4A (62376041 ; TLIRE WFFE A RHIF S 2B A1H 1) (STCX21_1341)

@15 1£#& E-mail: ~ cpliu@suda. edu. cn



50

E515 F6H/2025F 6 A/ATENTRE

Pty T A0AS B i 1 25 26 T . REN %6 27
3T Transformer XL [i) 4 A% % 2 7 (BER T 4
B oE &k, # H CGMVQA ( Classification and
Generative Model for Medical Visual Question
Answering) B, %R H 45 & FRAE & FIE S
Transformer 2544, # Kb i > T F¢ A Ak B 5 fl &
AR AfE B [ 345 T Transformer 2544,
BEAULE UG AFIE 5 SOARFAE RS RS BAA RAFR
#. GONG 0N, 5 —fif Med-VQA fif 5 5
ANE], #:F Visual Genome 5 ImageNet £ #E 4 Tt
IR B AT B 27 RGAL BTN RE A A5 k4 B4
M EEAEE R IR 1 T T 2R R 2
B 4R TIN5 00 5 B 25 A VE T ) B AL (CMSA-
MTPT), Jf4% A 1B i § 2 BUESR G ME5 .
MR R b 48 T T A AL FE Med-VQA 155 L&
B, WA TR0 K R KIM S50 42 T 3 F
Transformer ANy £ R X 38 W B 19 2 B8 Tl 2507
15 s DI B 1) SCAR- RGO 2 2 3 35 A D B2 1]
AZH., SR, BT BT A T 25 ) B84 0 2 38 4
S SCA- TR  TRIHGZIESEXT Med-VQA (9 H5 Bl
AR AT I IR AR RIC B B2 27 R R 2
X FN Y G- SRS AR L LIU 255 8 1 7 % e T
YRR ZE 1877 ¥ (CPRD) L ] X 27 ) 287k
S UG ORbm 1 Bl 2 Th AT T R A 4R 28 1

A Med-VQA HAY B SR F I 24 1R S
RO EMGRFIEHEA T 32 B AH A 200 T BB R AT
TR by H AR . Ak ARG 0 BT
TR IIRHERLS T 23 R SR b IT AR 5
BTG S AR HEA T VG FLE P8 7E E A T RS S
SCAR (AR il ) 2 4 0 DG e R A 2 9 ), AR
SCEPRE FaR a4 H T CMAG-MVQA BRI, A
SCOTHR T AR T 1) 3T BE 2 Bl 4 Bl 2k i 20
FIRHY HE AT A5 S 350 R E 4 L, I (8 F0 )1 5 1Y
ResNet-34 #E17 FI§ 4 Jm R Ak 42 B, 4 R B R 1R 5
AR RRIEZE A o T A R T R AR A S A J2 1 ) 2L 5
PR 5 A, p D T EIME S R RS
Z NGV S SN IUR o NI TSI E 2 S U
IRE T .

1 #HXIT*E

1.1 MEEE

1E A3 5 18 28 OB B 5 v L TR) 2%
(VQA) BRI H DL SCAR [R5 9K R AE Iy Ak
PAFAHRE R A WEFE 7 — AR R H T
TImageNet Tl Z5 (1) 4 PR 28 I 265 | 328 U Pft 28 ) 245 B

FHET Transformer 454 (1) ) 265 #5780 4 Sk R A1E $12 i
2%, 1925 T ANDERSON 50 35 1 1y 35 T Faster R-
CNN f1 bottom-up $5AE A K 5 45 A FRAE X 55 5 il &
I VQA Z 3 1Tz B IS TR A .

Xt T VQA 1 15 B2 5 E X 55 45 il & 1m) i, H
B B BRI LE 5 3 T PR E A& 1Y
PRI ¥ . KIM S0 41 Sk Mt Ak 1 7 1 07
2 R B AL e e MR R i SR A AR
P AR B B L R AR 5 SCARFRIE A 25 6
PREBREAR S P EI . YU 21 FE Top-down
HEREIIVUHIZERE [, 456 Translormer W 45454 , %
JEARGE 5 SCAR PR — RS N A VR S PP RS 1] 9 58
HAER TR R TR IR R AL
[) 73 3 0 X 4%, ol ] AR R 15 HE AH O 1 Pl 4% IX Jak
PRI TR G . AR SRS R T 2
BB R el s th X R R S R B sh B AL H
FISCAR LrFSg KRR » 8 3 K33 5 1 PL ] B AS [R] 28
TR G A1 2 o) ZHENG 2655 38 AR 5| 5 1y e
FOAELE IR T AR T SRk s
Ticker 434 i AL 1 il 75 15 750 R A58 JRL5 AR S AR
BRI FEE WA E . A T RN E
22 EMG-SCA N R E . CHEN 250 2847 7131 45 Fn
PR 2410 Med-VQA X — 455 Sk AT 40
BEANE T A, e U T O 2R R )
PG H 08 5 Gl XA B TR 5 i KI5 T
fite B
1.2 Bh&EHLEH

T VQA ¥ 2 Med-VQA , RS ARF 5 n) 5t
RFAE (47 R0 55 5 il A R P BRI EAT 55 1 R
SR, HRT 2 RUR MG S ) R R Y il T R T
KRRt AT 20, 1207 FOCHRAE T Eb fy 2k
PR BE A R S A R 5 SCARRRIE R E 1Y
LR FAE . FUKUL % T AL G (BRI Bl T
AN an ) AR B A Rk vk, g i T 2808
BN (MCB) . BAR XUZR 1 it Ak 7 AR S
A LA FAR G 7 ik AR R = 4 B R AIE LA M iR
JE BT BRI T OO Mt Ak T s S FH Y
1. YU 250 803 7 22 B 25 PR 40 AL 1 v b A5 78
(MFB) , IS = U Z B RHERL G . F TR
AR Mt AE AN I DX 52 e 1l oy J2 R A 55
Fr## , CADENE 2 42t MuRel J5 %, 78 W £k 1
AL TR B SERE X IG5 ) ) 9 28 B R AT 3R
FEXRF AT A X IO R AT AL, SIESGRZTE
YN 2R G DRI AR R AN L, S S AR iR P 82—
HTEIEIE T 10 SR T 2 > ) R B 2% [ A4 () ) i A



515 F6H/2025F 6 A/ATENTRE

ol

AECH. A ST T 2R AR G 1 L4
TIESEAR R -, YU S T — o o) 85 |
T BT I 45 (DEND , F H ) Rt S5 Bk sha
P SCRAE AL S R AR S ad 7

2 CMAG-MVQA &%
A B CMAG-MVQA #8732 35 56 1 &

Is there evidence of an .
aortic aneurysm? _.[ BN H LSTM

_______

7 BB JR R A B L s 58 25 R i il I ) 45 852
Ho B4 W TASO R Med-VQA BT
HAGHE o ZOTIEAE A I EEAHE QL EL A I F A
FPALSE 5 SCARRAE AR 4 434 . R BLAE LLR 75
D EUR R AE R AR > 5 2) 38 AR A5 T IR
SCARSFHIERAES I 3) 52 X5 | T 5 MR RAEFRE /Y
B

5| SUER ML P

VQAZF K

'} |
: l
_______ |

BT e S

] i ——-‘ LAES T W

DDD

no  right

| JEFE ] P TE R bk EJE REFEWAL o

B 1 CMAG-MVQA BB (K 4544
Fig.1 Overall structure of CMAG-MVQA model

H T U Zk Med-VQA B, SR FH eh 110 2 22 1
P2 22 UG 7 25 28 SURR 0 R 25 6 1) Z BT K R 4K
L FRRWTF .

L=L. +aly. (1
K s Lo, FRZE 0 1) 28 S 5 e R
G227 R O3 S ) 28 SUIR L 2 o 7R S TRROE o« =
0. 5, HIRP-A 2 Rtk .

2.1 MRRESWRIFEIER

ZRT Med-VQA a5 s PR AT 24k
T AR FHIE RS 27 20 R SR R AL R AR 2R
o I Med-VQA %t ToImageNet £l 4 i illl %
()2 A 28 I 28 CCNIND R 12 1R B 2 [R5 10 0L ok
HE, J5 et R AN CheXpert Jig 3 55 28 i R %1 %k
P Y25 DenseNet fF AW 3 FEAE g fid 28 . H Al
BARAT R ] B0 Sk S O3 2SR R0 [T 3k 22 ) 2%
(ResNet) FRLHE LALLM ZE (VGG) T3 FUGAL 45
TESATHRICAH 2R T UG R iR 3 T BIS R
R BB . W EE 2= ERIT T S BRSNS
AEAVAEBER 2 W) B rh AT B 2 0C H 2 L AR AH DL R A
1o O S A 2L (R AR B2 A A AT RE AR SE A
L UG REBRIE T A S E Bt 2 CEE, HT
fifr LG Jm) 3B R AIE A 58 4 T B A5 B Bk T B
CMAG-MVQA B T —Fh Z2 A S R E 1 5 1Y
ik, ZRESFRERY 8y 1 E 5 2 AT 55 Tl 2
B M 242 W 2% ResNet-34 Fl U-Net 41 i, H

ResNet=34 H] T $2 WA A9 42/ R ik 1 U-Net H]
FAE R SR TR R AIE 388 3 R JR) PR AIE 4 SR
AESEAT DR G o DT HE SR A R A AT

AR RAIE SR UL T 24T 55 T R B 37
HARGE R O SR 1 A1 B K080 46 BN 25 3 A 57 14
ResNet-34 45 AR BOI SERFAILE BB (41 1502 75 J T 4%
WEFARIBAR (MRD S BALIZ 148 (CTH R X GF2k
(X-Ray)3 Rl 22—, I i 70 2R e R i P 1 A
3R IE ., KOG T 2RMIERIERR

Uglohal = W1 UMRI T W2 VT T W5 VX Ray (2)
:Et':F' Uglobal %ﬁ%%}ﬂﬁfﬁfﬁ, UMRI ~» UCT ~
A3 FE R N ResNet-34 % i ) MRI, CT #l1 X-Ray
AIRRSE FEAIE 5 w0y ~wy O 0 ZEREHR B i 1) B4 B2 =
PG IE AL

JRI LA AR AE 18 5 U-Net #0058 457 AF 4 65 1 7
=D PR

v X-Ray

Ulocal — UNetEncoder ( 1 ) ( 3 )
:T:tq:‘ :UNetEncoder i’%ﬁ_\‘ UiNet éﬁ@%ﬁ%ﬁﬁ; I i’%i_\‘ﬁ;ﬁ—i
AR B2 EUR

BT WA S A B R AR 5 Ry S A O AR A1 3 3
FEPRAEAS B B AR AE , =X () BT

Uil = Contact (v gopal > Vioacl ) €]
2.2 NARENIRFER

PR SR SRAE R R 3 = 200 il A ]
SkFeik, 8 NGUYEN 255 T4, B4 AR 1)



52

E515 F6H/2025F 6 A/ATENTRE

B E K ER KR 12 A3, K EANE
12 A~ B 0 3H 78, 2 F Ik, CMAG-MVQA #5
T B SCAS SR AE ) B3 4 AR ] BioWordVee J7 11
BirhgA~ B pa) 4b R 200 4E R AL IR E KR A
VQA-RAD ¥a £ Hr ity 200 4 (68 58 1 1% A » A\
B AL 400 4 (148 227 , SR 5 A Bh K Ja 310 12 0 2%

(LSTMD JE W) B SCA BRI IG5
2.3 TXEZEWZEREBRK

J T 5 FFH Med-VQA T 45 o L3 5 SCAR
B2 H AR B, CMAG-MVQA FAS R 2 1 T R #p
FET R RS RAE A SR, o R e %
LR 2) 5ikpen | SEE R (LE 3,

.

Q Q
Squeeze
Excitation

Multi-head
Attention

oI

Squeeze
Excitation

FHEZ

-0

Norm
Norm

Add and Layer
Add and Layer

v f

i

2 EFREENER

Fig.2 Selective self-attention module

la—!

Q
Squeeze
Excitation

werl OO0-01

Multi-head
Attention

Squeeze
Excitation

o -0

=

FHEZ

din-g

Norm
Norm

Add and Layer
Add and Layer

14 ?

3 EBESISERNER
Fig.3 Selective guided attention module

wE 2 Fros, 8 B R R dy W s
DA 2S5 <) R - R P4 05 M O S R
A AIE X =)0 or, Jee R # ISR
W Q AR RE K DL AE A PR ViR Hd ARAAE X BSS
FiiA% . EIEEE TR R RRE & RS kT
B P A, sk T 2% ) BN RRAE X
< xiex; > KR AR B A R A
Rel. U 3 pREL A 4 B2 2 X 22 3K B 13 43 (%
AT A B B AT BN AL B S R ARE Z € R
Hep R iE EEaffEEEEh ‘3%%&5
TIPSR, B REIET B NITE. Sl
HIHEMEQ € R HHEMEK € R™ LI AEEFE
Ve R™Hp, [ FOoREERBE, m FoR

XA %R . BESARR RS REFE T HAG) .,
T(6)1Jr§§r%
K. ZZK<w> (5
0. ZXdZZQu,]) 6)

i=1

s Ko Fonali A s B A s Q. 3R
AN IE TR o A AR . R, O T

WS A S R E b R R, R A
Sigmoid # 1 #R F Y fRT 51T 3 ML Ok T8 B
K (D K (@ PR

K, =¢(g(K., W) =6(W,6 WuK)) (D

Q.=0(g@Q.. W) =c(W,0(W,0)) (8
Aorb: KRR 20 sh B 35 A s 1
O3 A BRI 5 Q. R Zead PG pREAL PR 5 4l A il
BRI A NARRE; 0 38 ReLU G o £

><(

7k Sigmoid R Wy W, € R Wi W, €

& s NG SR T4 /N AT 1) 2 TG
ﬂ&ﬁﬁi R, G 38 A A AT DL o

(9 . X0 HA5
K=KK +K €
0=00+0 (10

P Q WA TE A AR K R A
i%ia“?iijjﬂ%@%ﬁ% =X AD) Frs(HAER V /Y

VER 17045 1T LU Softmax bR 806 #534) O 54 K
BB Vd R BT RO R SRG M V S5
VRS M A pEAT B S B S AV,



515 F6H/2025F 6 A/ATENTRE

53

L, d WA Q S K 2 ANEFE R R LR,

V = Attntion(Q .K . V) = softmax(Q—K) v

Jd
(1D

N T TR B R E T, 51 A Z Sk 1AL
Hl. ZRFEBHAPHILRE 0 AR B
A Q i K S V WU R TR [A] ELAR ST A 4R
fEZS ] = (12) firs . A SO b A S
R AE AT RS, 75 B e A A T 1 o0 A i
HARE £, xR 3) FrR

H,.,, = Attntion(QW, . .QW; .QWy ) (12)

f.=MHAt(@Q,K,V)=

I:Hhead.,l ’Hhead.2’."’Hhead./z]Wo (13
Kb W, oW oW, € RTYRES Ak
szsial JEEW, € R d, MR % Sk mg2s ]
gefs . HIRERRN, LR iR E d, =d /h .

WA A A RRE f, Zead 5k 2 4b 71
IZ A — Ak b T B AT 5 3056 5 11 8 R A (4 i
FE Z L, = (AD IoR

X+ fin

VA QKD

o
Ao X+ fONBRET AR 1 N X+ f, Y E;
o WX+ f, bR,

I SEy SR Y ARBl ke A E REh =W Ak (AN
L, K 3 /R T e PE5| S B B kg 51t
B AER NN, 5] 3B R A W 1
BSHFEME A FHARIE X 5 SFHEAR Y A8 s RRAE
Y (TS5 A . Hrh ARIEY SR et Lkt
WA E AR K € R™OMEMNEY € R™ L F
EX € R™™ ekt mgt a8 ik Q ¢
R H  d R W2 )RR AE 2 B . A6 A5 2 G0
ME K AEAERE V FIAAE R Q 2 )5 . il i & it
ARMZER ST Sk A ER M IE .
LA T RERE I i RHE f, 25822214
—ALALBEAS B B AEAE Z X (15 FR
Z:YﬁLfg —

o
A Y+ f, WERETE: n MY+ f.BMEH: 0 N
YA f il

3 ZRKRERSH

3.1 HIREE
SCHAE Med-VQA 4513 3 FH JE v I 38 %0 s 42
VQA-RAD F#tfy. ZE a4 & 315 skt &

(15)

1% .3 064 YN LR AT 451 At 8, Sz el
YRAE T IEF PRI SR, AR A T A SRR
Y2k 4 A 8 45 BT i 48 (Open) il & 7] £
(Closed) 2 i, Hiv Rl E i R M 1) s 20 A, . 451
AN ] B2 2 [RGOGT IV 118 952 9 44 R 5 1717 8 PA) 42 A
P ) A R » ()25 58 LB AN Yes™ 1 No” i BE £
B AN B [m) % B 2 U T A 9 12 T 2 75 1 A
3.2 XWEE

Xt T Med-VQA H R IR, 1 50 7] R A
Bl R it 4) R BE OF 0 — 4k 12 AN K
B SR J5 {8 biowordvec H il A o BAE A B )
ey 400 2 1 1] £, FAE 1A) [ A 1] LSTM W)
26, A O I () R A SCAR AR TR o S R )
R 224 X 224 4 Zk /N SRS T A U-Net D) K
TYNZE A ResNet W 2844 7740 B, X N7 (9 F¢1IE 7]
YRRy 512 4. FEAEHRLE R S ALEIAL R, S5
HORE Sk AN e O 8 A KRR B R T 4
FEVERE S A R e BT | i B o 0 4
E R 1024 43

1E Med-VQA 1155 . R 5T 2R 5
TN T ol B Ik R . ST
TR bR R R 2 2 3 24 55 T WL RN S s
IARPRAG B S Ry 3 B85 3 IF TSR B VC L 1
HERR S G B2 A 13255 . 7E Med-VQA 55,
FERHUER R A ME NP FE bR X8 bR AE IS &0
A 55 S T e RE L A R R A0 (16) B R

A :Z—j X 100% (16)
K n FoR IR IEM AW B A EG 0, Fom
TE Med-VQA Fida e i [m) Y S48 .
3.3 ZWHER

T UE A4 5 1 7E Med-VQA H A 5L
P SEEEXTHE T B RTHE UL 7 A AR (R 2 n) R AR
R 15 TR SE R g R . Hod i s R
Al T IRl SAN-RAD & — /N HE & 1 i IR,
KB VGG-16 F1 LSTM gE{ T4 AE $2 5L, IF:
W5 PR BE FRIE RN SCARRAE 25 628 R 0 40 A s MCB-
RAD 5 SAN-RAD &AL, &1 X0 58 FRAF FISCAARAE
AlA Z B R T 8 A Rk Ak s MEVE-
SAN 7£ SAN-RAD {9 3:Ail_ 15 A RARE ) B 24 K
18 IF R FHRR T 02 > T FR 22 M ) Sty # %
BEARUAFAE £ B AR 64790 4R Ak s MEVE-BAN £
MEVF-SAN #y Al _E R FH B 1 Ak 7 2 1 AL
AT & i3 MMQ-SAN fl MMQ-BAN #£
SAN 5 BAN R LAl B 5| AT £ ook & b i



54

E515 F6H/2025F 6 A/ATENTRE

FE, R A SRR oo s, i £ o)
TR 35000 A B 5 P A TIN5 B0 B H) TR 75 R 455
CP-BAN 7£ BAN SR FH 5] R 5 {24 4 RN 28 A8 25 14 4
BRI 3 o0 K o A A I 1 B 2 R IR T 0 L2
> XA PR AR A B RS R AT 00 46 Ak s CMISA-
MTPT g HZ4E: 5% T VI R AL A0 e R Ak $2 HU S, O
R T BB B B e R A SCAS R
fESEAT Rl A b2
®1 TEEEMERELE

Table 1 Performance comparison of different models %

X EE AR Y Open Closed All
SAN-RAD* 24.2 57.2 44,2
MCB-RAD 25.4 60. 6 46.5

MEVE-SAN?H 40,7 74.1 60. 8
MEVF-BAN/H 4.9 75.1 6.6
MMQ-SAN?] 46.3 75.7 64.0
MMQ-BAN[? 5.7 75.8 67.0
CP-BAN 5.1 77.9 68.1
CMSA-MTPT 56. 1 77.3 68. 8
CMAG-MVQA (ours) 57.7 77.8 69.8

W3 1 JWi7s » 7€ Open 2R AV [R]85, Closed 257
(%) IR R ) R P AR HE A % 1, CMAG-MVQA 7,
VQA-RAD %tz 45 I 19 1 B 28 20 B b 0L T I flhie
#l, H. SAN-RAD, MCB-RAD #F J2& 3 i VQA
SRR T s HE AR X Med-VQA 4535 % B (10
BSERFAE Tk, PR L T 1 A A BRI 2 5 R Al A 5%
RRAEAR S AR LK B 2 RS OR o)t el &5 11 1
B &5 A JF 7 AR OE #1928 2 UMWMEVEF-SAN
MEVEF-BAN, MMQ-SAN, MMQ-BAN . CP-BAN,
CMSA-MTPT BiAIB| A TERaNEE 4 B % B 22
BN T FEE A R IE SR WCRS , (AT AR B {4 B
B2 UG ) 4 SRR T 20T IR 2 EMG A JR A
AEAR B, s TR 3R IR X T 28 4 ke 25 E A 1
Ah 3K 6 PSSR R 114 BE AR R 33 2o 7R 2 T AL
il R 5 T RBE AN SCAS R AE rp i E B 3 R R
B A SCAR R AR (R AE A2 B A 7 AR A TG 220000 1 B A
A RAE RS BAF S AT 52 e 1 A58 780 3 (A M g
PR, ASSCEEH ) CMAG-MVQA 78 41 % £ 22 /4%
YIZR T R L SE RRAE B I 1) St b5 | AT 250
U-Net $2 BT P& 22 BRI S i Rs i NI HEF T T 4R AE
g, [FIRER A TS A B I MBS SR
BRI B R AE RN SCASRRAE 8] 1) 38 ELAE R4 T A
JFE A E BRI 2 BB RAE AT T 58,
A ALZE VQA-RAD %4l 42 rp (19 R AL T HoAth
Y,

3.4 HEASSIE
N T LY E B4R 75 3 HR i T T AL St R
Med-VQA BTERE I 203 AR S 4 ) 2ot i) I 52 S
PR A 0 58 SR 285 52 LA S 3R AE 7 BB L 3331 kA
TH Rl S50 SERR A R INER 2 s .
R2 HBMIEER

Table 2 Results of ablation experiment %
Ty A Open Closed All
CMSA-MTPT 56. 1 77.3 68. 8
CMSA-MTPT+ U-Net 56.9 77.3 69.2
CMSA-MTPT+HMiiER S 56.1 7708 69.2
CMAG-MVQA 57.7 77.8 69.8

NFE 2 TR 1 Rl S 5645 e BAE ) 78 IS8 4
FERAE F7 16 » CMSA-MEFP Ty U 241 55 Fl )|
2511 ResNet-34 EUR IR /IS BIRI PR IS 2 22 Jy
ik /07 W B S S RE AR AR R T AR S 4
U-Net B4 B AL 5 4#E 5 ResNet-34 21
M4 REMEAIZE & TE 4 R 5 R B 46 - A 2 2 8]
PRI AL S L2 T T SRR CMSA-MTPT J5
PE Med-VQA {155 LR RIBE ). RIES, o T 5
N Eet S RE N =LK il Kbyt R SE V=L N | N E K4
PR G E T CMSA-MTPT ek 13 25 7 4 71 il
S, NSCIRZE AT LU L 8 F R TP
Pt CICSEy =LK DO RNk (1 DN R (T8
SRS EEAE L A T CMSA-MTPT i & Gi it A
B B e RERcGE . XRBH R —1 A
T 7 S WL ARS8 A A SCASARAE o i B 3540
PEAT T 28 I R RIS 5 AE R0 SCAS AR 1] (19 38 T A )
PEATEEAE e/ T 6 Z RS RRE A BAE F ME B2
Ft PRI L feft FH A 1 3 B8 T 0 WL 485 4 e A i
M3 CMSA-MTPT [{PEREFRIN.,

3.5 KIRERFHML

HF VQA-RAD ¥4 1 CMAG-MVQA 5
FEAHY CMSA-MTPT [ n] #AL 45 S xT e an &l 4 iy
o ZEfE X-Ray,CT fil MRI 3 FAR [ R 4 7 5K
BRI B A MG, 43 B R T B | R A Sk 38 3 el
ANTA] 0 AR A B3 5K BRI J7 #A 2% BIHR KT L
Fla] . ]y CMSA-MTPT 45 H ff 5 780 56 73 &
15 IS B AT Ak » LA B A TR0 45 s ) e 7 ) 25
22 AR CMAG A58 56 v 11 1 2 E 5
AT AR R 5 DL RS D 265 s ] RSO 197 ) 1E A 25
R EE—MES P T X-Ray REZ| B HHR L
P15, CMSA-MTPT 41X} [a] 81 H fig 45 Hi “ Right”
DX 3l [ 24 1717 TG ¥ RO A% B AR AL, AR SR 2 A4 a)
X CT RAE 2 E HBIE &, CMSA-MTPT 5¢



515 F6H/2025F 6 A/ATENTRE 55
AN R DRI AE AL CMAG WIREAR & s Wy LA 7920, 2% 58 U RBAE “axial " Fl1 “saggital” i £,
JRETRAL, RS 3 AR, X T MRIRAERY LR Mg i T%l%%%“PA”,CMAG—MVQA A

EHZR . CMSA-MTPT WA FOMH IR —A = 53] 73k — a5 JF B A RS 1 1 Eaf [l 2

Chest
(X-Ray)
& #: Where is the diffuse . .
pleural thlickening?u #Z:Right X % Z:Right v
Abdomen
(€T
1) /8- Which kid h ey .
fluid aromnd it? ERiLeft X %% Right v
Head
(MRD)
7] #: Is this an axial or e a s
saggital view of the brain? EHPA X 2% Axial
()= g (b)CMSA-MTPT (c)CMAG-MVQA
B4 BEEASRTHENARLER
Fig.4 Visualization results of‘thé base model and the proposed method
. domain[ C7] //Proceedings of ImageCLEF 2019. New York,
4 HRIE USA: ACM Press, 2019; 1-6.
[3] HUANG G, LIU Z, VAN DER MAATEN L, et al. Densely
Z,KX:EE ,‘:lj =T E&l_,ﬂf jj FL ‘,ﬁlj [f{/] ﬁE j: o )fﬁ connected convolutional networks [ C ] //Proceedings of the
N IEEE Conference on Computer Vision and Pattern
ll Y _ 3
EA ’H:Jﬂ:%g% Med VQA ,EE%" %ﬁﬁ%ﬁm?ﬂﬁ” Recognition. Washington D. C. ., USA: IEEE Press, 2017:
251 U-Net M 45 52 BOE R R BB R JF 5 24T 55 . 4700-4708.
N N 4 REN F J, ZHOU Y Y. CGMVQA: a new classification and
[z A 45 5 3 2= £ A fH
?ﬁlﬂl ifﬁ%’ém %%B&Eﬁ@{%%%#ﬂ‘{ﬁ*agn = Tﬂi}" generative model for medical visual question answering[ ] ].
T REBIAE AT B AT 55 B R I BE 1. eAh, &5 IEEE Access, 2020, 8: 50626-50636.
[5] DEVLIN ], CHANG M W, LEE K, et al. BERT: pre-
E Elﬁ .
{% %IZIKEPJL/% Fi s E/Jq:% Ilﬂ =7 *FHE&J}—F E/J ﬂf training of deep bidirectional transformers for language
jj*ﬂ_‘ﬂ?lj i‘?ﬁ?%ﬁ%/u T?E E’J @@EE‘]‘ ﬁ][E =] ﬁgjj ,}J\ﬁzﬁ understandingl EB/OLJ. [2023-10-11]. https: //arxiv. org/

abs/1810. 04805v2

$eTh TAALIERE . A I Tk AR SCER I I [6] GONGHF, CH]::N G Q, LIU S S, et al. Cross-modal self-

ﬁ VQA—RAD ﬁ&ﬁ%i%ﬂé@%ﬂg ‘@Ah%ﬂ }:‘ attention with multi-task pre-training for medical visual
N N ., question answering[ C]//Proceedings of the 2021 International
HJ%?Z’KI%FFJ: %TX#%*%M%%{FT??'{T%X{I% /j Conference on Multimedia Retrieval. New York, USA:

() [ AT Z2 LSRR R R 57 Y F 5T L O el A ACM Press, 2021; 456-460.
e [7] KIM W, SON B, KIM 1 Vilt; vision-and-language
ﬂ:ﬁCE E/J BE jjd:ﬂ‘ﬁ]:lj ;I:@‘) transformer without convolution or region supervision[ C]//
Proceedings of International Conference on Machine

S 30k Learning. [S. 1. J: PMLR. 2021; 5583-5594.
[8] LIUB, ZHANL M, WU X M. Contrastive pre-training and
[1] PENGY L, LIU F. UMass at ImageCLEF Medical Visual representation distillation for medical visual question
Question Answering (Med-VQA) 2018 task[ C]//Proceedings answering based on radiology images[ C] // Proceedings of
of ImageCLEF 2018. New York, USA: ACM Press, 2018: International Conference on Medical Image Computing and
1-9. Computer Assisted Intervention.  Berlin,  Germany:
[27] ABBISHEK T, KRISHNAMOORTHI M. MIT Manipal at Springer, 2021 210-220.

ImageCLEF 2019 visual question answering in medical [9]1 ANDERSON P. HE X D, BUEHLER C, et al. Bottom-up



E515 F6H/2025F 6 A/ATENTRE

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

and top-down attention for image captioning and visual
question answering [ C ] // Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Washington D. C., USA: IEEE Press, 2018: 6077-6086.

KIM J H, JUN J, ZHANG B T.
networks[ C]//Proceedings of the 32nd International Conference

Bilinear attention

on Neural Information Processing Systems. Berlin, Germany:
Springer, 2018. 1571-1581.

YU Z, YU J, CUI Y H, et al. Deep modular co-attention
networks for visual question answering[ C] //Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Washington D. C., USA. IEEE Press, 2019:
6281-6290.

AlhaR, HEE, TRICIE, A5 TH AL IR 2 Y 2 AR L R
AL HSEHLT R, 2022,48(2) :250-260.

ZOUP R, XIAO F, ZHANG W J, et al. Multi-module co-
attention model for visual question answering[ J]. Computer
Engineering, 2022, 48(2): 250-260. (in Chinese)

ZHENG W B, YAN L, WANG F Y, et al. Learning from
the guidance: knowledge embedded meta-learning for medical
visual question answering [ C] // Proceedings of the 27th
International Conference on Neural Information Processing.
Berlin, Germany: Springer, 2020 194-202.

CHENZ H, DU Y H, HU J P, et al. Multi-modal masked
autoencoders for medical vision-and-language pre-training[ C ] //
Proceedings of International Conference on Medical Image
Computing and Computer Assisted Intervention.  Berlin,
Germany: Springer, 2022: 679-689.

TR, T R 5 SO Y 228 G I 2 ) B 58 55 1
[D]. FAIREE: MR TR, 2018.

BAI'Y L. Research and application of multimodal relevance
learning for image and text[D]. Harbin: Harbin Institute of,
Technology. 2018. (in Chinese)

R, sRRBEC, 22/0N2, &5, i R 2 ) I 2RSS B
ALk ] AP, 2020, 46(5): 1-11.

HEJ, ZHANG C Q, LI X Z, et al. Survey of ¢esearch on
multimodal fusion technology for deep learningf.] |. ‘Compfiter
Engineering, 2020, 46(5): 1-11. (in Chinese)

FUKUI A, PARK D H, YANG D, et al{ Multimodal compact
bilinear pooling for visual question answering and visual grounding
[EB/OL J. [ 2023-10-11 ]. https: / arxiv. org/abs/1606.
01847v3.

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[254

[26]

[27]

YU Z, YU ]J, FAN]J P, et al. Multi-modal factorized bilinear
pooling with learning for question
answering [ C ] // Proceedings of the IEEE International
Conference on Computer Vision . Washington D. C., USA.
IEEE Press, 2017 1821-1830.

CADENE R, BEN-YOUNES H., CORD M, et al. MUREL;
multimodal  relational — reasoning for visual question
answering[ C]// Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Washington D. C. .
USA: IEEE Press, 2019: 1989-1998.

YUY L, LIHF, SHI HR, et al. Question-guided feature
pyramid network for medical visual question answering|[ ] ].
Expert Systems with Applications, 2023, 214 119148.
NGUYEN BD, DO T T, NGUYEN B X, et al. Overcoming
data limitation in medical visual question answering [ C] //
Proceedings of the 22nd International Conference on Medical

co-attention visual

Image Computing and Computer Assisted " Intervention.
Berlin, Germany: Springer, 2019:522-530:

ZHANG Y J, CHEN Q Y, XYANG.Z H, et al. BioWordVec,
improving biomedical word embeddings with subword
information and MeSH[ ] ]. Scientific Data, 2019, 6. 52.
LAU JJ, GAYENS, BEN A A, et al. A dataset of clinically
generated gisual questions” and answers about radiology
images[ ] . Sciéntific Data, 2018, 5; 180251.

HU J§ SHEN L. SUN G. Squeeze-and-excitation networks[ C//
Proceedings of, the TEEE/CVF Conference on Computer Vision
and.Pattern Recognition. Washington D. C. , USA: IEEE Press.,
20184 7132-7141.

VASWANI A, SHAZEER N, PARMAR N, et al. Attention
is all you need[ C] //Proceedings of the 31st International
Conference on Neural Information Processing Systems. New
York, USA: ACM Press, 2017: 6000-6010.

DO T, NGUYEN B X, TJIPUTRA E, et al. Multiple meta-
model quantifying for medical visual question answering[ C]//
Proceedings of the 24th International Conference on Medical
Image Computing and Computer Assisted Intervention.
Berlin, Germany: Springer, 2021: 64-74.

LIU B, ZHAN L M, XU L, et al. Medical visual question
answering via conditional reasoning and contrastive learning
[J]. TIEEE Transactions on Medical Imaging, 2022, 42(5);
1532-1545.

Hi &WNE



