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Visual question answering method based on cross-modal adaptive feature fusion

CHEN Qiaohong, XIANG Shenxiang, FANG Xian, SUN Qi

(School of Computer Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: To enhance the accuracy of cross-modal fusion and interaction in visual question answering ( VQA)
while mitigating the loss of multimodal feature information, we propose a novel cross-modal adaptive feature fusion
approach for VQA. First, the method designs a convolutional self-attention unit consisting of self-attention layers and
dilated convolution layers-the former captures global feature information while the latter extracts spatial relationships
between visual objects. Subsequently, an adaptive feature fusion layer effectively integrates global relationships with
spatial correlations, enabling the model to simultaneously consider both global contextual information and inter-
object spatial relationships during image feature processing, thereby addressing the limitation of traditional attention
mechanisms in overlooking spatial relationships. Furthermore, based on the varying contributions of different modal
features to answer prediction, we construct a multimodal gated fusion module that adaptively combines features
according to their relative importance, effectively reducing information loss across modalities without introducing
additional computational overhead. Experimental results demonstrate that our method achieves overall accuracies of
71.58% , 72.00% , and 58.14% on the VQA2.0 test-dev, test-std, and GQA datasets respectively, significantly
outperforming traditional self-attention approaches without requiring additional pre-training datasets. This research
provides valuable insights and serves as an important reference for cross-modal feature fusion studies.
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Fig.1  Visual question answering model based on cross-modal adaptive feature fusion
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R3 VQA-v2 HIEE FATIRMER S EEERI ML 5 R
Tab.3  Comparison of proposed model and baseline model on the VQA-v2 dataset

. A SN M - FF RS/ % M - AR/ %
it H A SHE/M ) -

Hlis AR T SEIN B/ T HoAth J=YN
BUTD!!! 25 3 65.32 81.82 44.21 56.05 65.67
QG-SRGR! 7 66.98 82.82 47.68 56.62 67.34
BAN + Counter! '] 91 e 70.04 85.42 54.04 60.52 70.53
Vilbert' 8] = 70.55 70.92
MCAN!#! 58 i 70.63 86.82 53.26 60.72 70.90
MCAo0ANI2!] 72 i 70.90 87.05 53.81 60.97 71.14

TCAN3! i 70.92 87.21 53.94 60.93
CIFN[32] D 71.27 87.43 53.82 61.42 71.51
LXMERT! %] 228 2 72.42 72.54
AR AR 71 i 71.58 87.47 55.51 61.62 72.00

S T VAR BE T RS A N RRIE R A 1 L )
EITIERZALRE T AR SCHE GQA Bie 4 AT T 58
B, F 4 IR T AR SCHE R AR RN 3 of A5 A AE
GQA B B st gh i, 45 R 3R 7 GQA X
AR b A SCHR S BT IR BE A U R AP R A8R

F4 GQA HIBE FFHRMMER 5 R SR RT L 45 8

Tab.4 Comparisonof proposed model and baseline model on the

BEHAERAL Th (VR AR SCHE VQA-v2 a4 %)
ST AL AR HEAT I Al S0 0BT, B R AR VR
PRBE () A SR A AR G

1) FELRAEIY | AR SCR A MCAN A R SE LR AR
MCAN 25 7] 25 45 3k v 428 L 1) R R AR 7R | TG 2o
L5581 7 3 ML e S B 285 PN A 25 18] () R AiE AT
. RIRER A I BT E AR SIS BES R

GQA dataset % 2) HEABIA + BRI R AL B,
XPLOROR R O A AR AR 8ok TE RTS8 — SR F 5 FH [ 03 25 1 S B 5 82 10
BUTD'®)  53.38 67.78  40.72 96.62 84.81 77.62 I VE RS 7 AEAE A 7 177 15 R b R —
BAN[?)  56.19 73.31 41.13  96.77 85.58 81.85 3) LRI ¢ SRS A R R
MCAN!B) - 56.64

R RS T Rl SR e 1) 2 a2 ST & A, (EL A7

MCAoAN'?') 56.74 74.45  41.18 96.72 85.49 85.74 e
N Sl T LA (5L
LXMERT!") 60.00 o . N N n
N 4)FELREIY + BREE I ERR + 285
A 58.14  76.91  41.63  96.85 85.47 88.13

IR AL AR AR A SRR
2.6 HBASRIE THAELSEEE7E VQA-v2 B4l 42 A1 GOA s 4
ARSCHE ARty 2GS, O T e s A AT SRR IR AR 5 6.
%5 FHEEEE VOA-V2 HIEE FHEMIRER

Tab.5 Ablation experimental results of the proposed model on the VQA-v2 dataset

| SZHE/M HER/M Bik%e  (B/E)/% HHEU% HAth/ %

FLLRAE R 58 1034 70.63 86. 82 53.26 60.72
B + BRI S TR 71 1 664 71.27 87.31 55.33 61.15

BB + ZREST R AR 58 1 034 70.95 87.14 53.00 61.19

FEARIAD + BRE R I3 EAR + 2RISR B 71 1 664 71.58 87.47 55.51 61.62

F6 FTIREETE GQA HiIBE FHEMIRER
Tab.6 Ablation experimental results of the proposed model on the GQA dataset %

e JSUIN v (01 S 5 Y AR A — Bk
LA 56.72 75.17 40.49 96.73 85.41 88.03

BEARA + BB B3 BRI 57.46 76.03 41.13 96. 83 85.34 87.56

BB + ZREST R A R 57.27 75.28 41.43 96. 96 85.53 88. 04

FLRBOR + B FUE R A AR + ZRUS I TR A 58.14 76.91 41.63 96.85 85.47 88.13
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Tab.7 Experimental results of different variants of convolutional attention interaction module on the VQA-v2 dataset

SCA Rt PG f R 25 SR/ % (/B /% T8 % HoAth/ %
RS =w| g B 70. 86 87.08 53.11 61.03
BRAEEN g A=) 70.13 86.08 52.59 60. 49
g AEE ) BHRATEN 71.58 87.47 55.51 61.62
HBRAFEEN BRAEEN 70.58 86.54 52.76 60.99

®8 SEINEMEERNAREMRLE VOA-v2 BIEE LHIKER

Tab.8 Experimental results of different variants of multi-modal gated fusion module on the VQA-v2 dataset

AR AR AR/ % (/)% U % HAh/ %
FEHE A AR 71.58 87.47 55.51 61.62
A BhELAS FEES 71.37 87.36 55.35 61.33
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Q:What kind of bird is it? Q:Has the man lost direction or selling?
A:Bluebird. A:Selling.
Q:Is the bird eating? Q:Is the fruit red?
ANo A:No.
Q:What color is the bird? Q:What fruit is being sold?
A:Gray and blue A:Oranges.
MCAN MCAN

Q:What kind of bird is it? Q:Has the man lost direction or selling?
A:Songbird. A:Selling
Q:Is the bird eating? Q:Is the fruit red?
A:No A:Yes.
Q:What color is the bird? Q:What fruit is being sold?
A:Gray and blue A:Oranges.

Y TR ) fRiER
Q:What kind of bird is it? Q:Has the man lost direction or selling?
A:Bluebird. A:Selling.
Q:Is the bird eating? Q:Is the fruit red?
ANo A:No.
Q:What color is the bird? Q:What fruit is being sold?
A:Gray and blue A:Oranges.

Q:Is the guy on the ground? Q:What are the baskets made out of?
A:Yes. A:Straw.
Q:How many frisbees are there? Q:What fruit is shown?
A2, A:Bananas.
Q:What is the man sitting on? Q:Where was this picture taken and when?
A:Grass. A:Market morning.
MCAN MCAN

Q:Is the guy on the ground? Q:What are the baskets made out of?
A:Yes. A:Straw.
Q:How many frisbees are there? Q:What fruit is shown?
A, A:Bananas.
Q:What is the man sitting on? Q:Where was this picture taken and when?
A:Grass. A:Market morning.

fRHHER b il
Q:Is the guy on the ground? Q:What are the baskets made out of?
A:Yes. A:Straw.
Q:How many frisbees are there? Q:What fruit is shown?
A2, A:Bananas.
Q:What is the man sitting on? Q:Where was this picture taken and when?
A:Grass. A:Market morning.

6 F MCAN fAXRHRBEREHN —LEHLERNER
Fig.6  Qualitative results samples obtained with MCAN and the proposed model
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