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Visual Question Answering Model Based on Multi-modal Deep Feature Fusion

ZOU Yunzhu',DU Shengdong'? , TENG Fei' and LI Tianrui'"*
1 Institute of Computer and Artificial Intelligence,Southwest Jiaotong University,Chengdu 611756 ,China

2 National Engineering Laboratory of Integrated Transportation Big Data Application Technology,Chengdu 611756, China

Abstract In the era of big data,with the explosive growth of multi-source heterogeneous data, multi-modal data fusion has at-
tracted much attention of researchers,and visual question answering(VQA) has become a hot topic in multi-modal data fusion
due to its image and text fusion processing characteristics. Visual Q&-A task is mainly based on the deep feature fusion associa-
tion and representation of image and text multi-modal data,and inference learning of the fusion feature results,so as to get the
conclusion. Traditional visual question answering models tend to miss key information and mostly focus on the superficial modal
feature association representation learning between data, but less on the deep semantic feature fusion. To solve the above pro-
blems. this paper proposes a visual question answering model based on cross-modal deep interaction of of graphic features. The
proposed method uses convolutional neural network and LSTM network to obtain the data features of image and text modes re-
spectively,and builds a novel deep attention learning network based on combination of meta-attention units, to realize interactive
learning of attention features within or between modes of image and text. At last, we represent the learning features so as to out-
put the results. The model is tested and evaluated on VQA-v2. 0 dataset. Compared with the traditional baseline model,the expe-
rimental results show that the performance of the proposed model is significantly improved.

Keywords Visual question answering , Multi-modal feature fusion, Attention mechanism,Deep learning,Data fusion
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Sample graph of effect of different CAL on model performance
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Q:How many paragliders in?
Grand-Truth: 4
Prediction: 4 +/

Q:Is there a road sign?
Grand-Truth: yes
Prediction: yes+/

Q:Where is the bird?
Grand-Truth: on cliff
Prediction: mountain x
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Q:What color are these flowers?
Grand-Truth: white, yellow
Prediction: yellow and white v/
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Fig. 6 Example of VQA experiment results
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Table 3 Performance comparison between CDI-VQA model and

baseline model

CBLAT . 96
Model type Accan AccOther AccYes/No AceNumber
MFBL21] 41. 66 26.15 66. 14 29. 87
MFHE31 48.92 37.66 68.01 33.71
CDI-VQA
Q 50. 60 41,44 68.55 33.65
(Num=4)
CDI-VQA -
50. 44 40. 54 69. 14 34.13
(Num=5)
CDI-VQA
50. 48 40. 68 68. 88 34.59
(Num=6)

AR SCHR Y CDI-V QA #5831 AH H 9 A s 2 A58 28 ) 3k 25 7
F:CDI-VQA X SRS [ 1 7 77 AR A Lb 4 A5 10 B 4y iy
AR T AR 1 A2 R R AR AR UL AR T DG B AR AR A 5 5
CDI-VQA #E RIS oAb o 21 3 1 Pp 1) 33 38 0 )2 CALL BN
X AT 15 [ LA Ak TR AT Ay 0 A AR OO B A 28 O R AT 2 L L k3
ACHEAT P G AIE 0 48 T BT P B R B T R 4 AT
o AT 5 WS S AR 22 L i — 2P AR T T SCR A 2 RS
fiE B & 19 B B CDI-VQA B A Py [R50 2 i Hh vl 1 o
EZEINCIRER - Wil N R 90 o AN CIR S s W )= D T
B A5 B0 R B B IRV B 7 2 2 T 2%, R R A B Y 2 i 45 T
A SR 10 255 2 BSOS R, PR T B2 T 00000 445 3% 1 o il 3
BERE PR RE . S0 0 25 2R R AR ST Y CDI-VQA R 7
PERE L ARG T H ALY, a3k 3 Fr 5L PN 5 45 P 1Y Acean

I Accome BITE Num=4 By CDI-VQA #E 86T BAS T & K{E 5
Accyeno £ Num =5 [ CDIFVQA #% & F 48 T fit KA
Accnumber 7 Num=6 ) CDI-VQA 7~ I3 T e KA .

HERIE AR T P T 2RISR BERHE RS A L
IR E BT CDI-VQA . %8 B FH A 7] B i 28 I 2% 43 i) DA
P45 N SCAS B30 v il BRURRAE S 8K )5 R FH il BB R ALE BE AT S
PAL TR LR 285 22 ) ) 32 B ) A 5 A ST B Y 3 ) T R
P RS B R A BAR A R AR = S %, S
T SR AR RE AR A TR B AE B 5 o JE O o 2 AR A G eR AR A
TE R IMALUS (4 EARAR BRI SCAS 1 3C, 914 il & R AR AL A 53
KNG B R ICARBR T L5 R, CDIFVQA 5 5 % 7 il 451
AR HEAT AT ALY 1 2R 2000 A, RAIE T SRR S G R AT
B 288K L 5 [ S AR g S 7 A8 Bl I v R O BT ) L AL T
KT AR T B3R S 25 T SR B SR AT R T R A A R AIE 22 LA
3 R AR AE 5 SCARRAE 45 H 38 0 7 = A E 22 ), 3¢
BT B H % 2 CDVQA BAEDG Z 4~ h A 7 2
EPEME B A5 B IR R 2 I & i — 2D PR T T AR TR RE
SEHG ] VQA-v2. 0 %4k 45 3 AT 8B 04 TP Al 0 47 5 U A
b, 1 5 SE LR RITE AR 7] 19 S0 25 10 T 34T T AR SR R
A SCHE B CDI-VQA 3 [ 2B 8 B A 0T 4 1Y P g

TR R T M R By, B
AR T T 77 I 4% 104 J2 000 85 7R P R B S ) L 3 T R A OF
FEHAB PR 71 a0~ 22 3k 77 20 Y Sk 0 AR B EE G T s Y 3
55 X L TR P BB A S M, X R AR R AN

& % X W

[1] WU A M,JIANG P,HAN Y H. Survey of Cross-media Ques-
tion Answering and Reasoning Based on Vision and Language
[J]. Computer Science,2021,48(3) ;71-78.

[2] SELVARAJU R R,COGSWELL M, DAS A, et al. Grad-cam:

Visual explanations from deep networks via gradient-based lo-



A5 %

o B s — B T 20 A2 % R 5 10 O 1) 25 A A

129

(3]

[4]

[5]

L6]

7]

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

calization[ CJ // Proceedings of the IEEE International Confe-
rence on Computer Vision. 2017:618-626.

DU H J,LIU X L. Image description generation method based
on inhibitor learning [J]. Journal of Image and Graphics,2020,
25(2):333-342.

XU SK,NIC H,JIC C,et al. Image Caption of Safety Helmets
Wearing in Construction Scene Based on YOLOv3 [J]. Compu-
ter Science,2020,47(8) :233-240.

LEE K H,CHEN X,HUA G.et al. Stacked cross attention for
image-text matching[ CJ / Proceedings of the European Confe-
rence on Computer Vision(ECCV), 2018.:201-216.

ZHOU Y X, YU J. Design of Image Question and Answer Sys-
tem Based on Deep Learning [J]. Computer Application and
Software,2018,35(12) :199-208.

ZHUANG M Q,TAN X H,FAN Y C,et al. 3D Animation Ex-
pression Generation and Emotional Supervision Based on Convo-
lutional Neural Network [J]. Journal of Chongqing University
of Technology(Natural Science) ,2022,36(01) :151-158.

XU S,ZHU Y X. Study on Question Processing Algorithms in
Visual Question Answering [ J ]. Computer Science, 2020,
47(11) :226-230.

ANTOL S,AGRAWAL A,LU J,et al. Vqa: Visual question an-
swering[ C] // Proceedings of the IEEE International Conference
on Computer Vision. 2015:2425-2433.

ZHOU B, TIAN Y, SUKHBAATAR S, et al. Simple baseline
for visual question answering []J]. arXiv:1512.02167.2015.
MALINOWSKI M,FRITZ M. A multi-world approach to ques-
tion answering about real-world scenes based on uncertain input
[J]. Advances in Neural Information Processing Systems,2014,
27:1682-1690.

KAFLE K,KANAN C. Answer-type prediction for visual ques-
tion answering [ C] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2016:4976-4984.
REN M, KIROS R, ZEMEL R. Exploring models and data for
image question answering [ ]J]. Advances in Neural Information
Processing Systems,2015,28:2953-2961.

LIN M Q.ZHANG X M. Identity Authentication of Multi-Mo-
dal Fusion Based on Behavioral Footprint[]J]. Computer Engi-
neering,2021,47(10) :116-124.

FUKUI A,PARK D H,YANG D,et al. Multimodal compact bi-
linear pooling for visual question answering and visual grounding
[C]// Proceedings of the 2016 Conference on Empirical Methods
in Natural Language Processing. 2016:457-468.

KIM J H,LEE S W.KWAK D,et al. Multimodal residual lear-
ning for visual qa[ C]// Advances in Neural Information Proces-
sing Systems. 2016:361-369.

MENG X S,JIANG A W,LIU C H,et al. Visual Question An-
swering based on Spatial-DCTHash Dynamic Parameter Net-
work [J]. SCIENTIA SINICA Informationis,2017,47(8) :1008-
1022.

GU L,JI Y.LIU C P. Classification Method of Three-Dimen-
sional Point Cloud Based on Multiple Modal Feature Fusion[]].
Computer Engineering,2021,47(2) :279-284.

LU J.YANG J.BATRA D.et al. Hierarchical question-image

co-attention for visual question answering [ J]. Advances in Neu-

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

ral Information Processing Systems,2016,29:289-297.
NGUYEN D K,OKATANI T. Improved fusion of visual and
language representations by dense symmetric co-attention for
visual question answering[ C] // Proceedings of the IEEE Confer-
ence on Computer Vision and Pattern Recognition. 2018 6087-
6096.

YU Z,YU J,FAN J,et al. Multi-modal factorized bilinear poo-
ling with co-attention learning for visual question answering
[ C1//Proceedings of the IEEE International Conference on
Computer Vision. 2017:1821-1830.

YAN R Y, LIU X L. Visual Question Answering Model Based
on Bottom-up Attention and Memory Network [J]. Journal of
Image and Graphics,2020.25(5) :993-1006.

WANG Y L,ZHUO Y F,WU Y J,et al. Question Answering
Algorithm on Image Fragmentation Information Based on Deep
Neural Network [[J]. Journal of Computer Research and Deve-
lopment,2018,55(12) :2600-2610.

CHEN C,HAN D, WANG ]. Multimodal encoder-decoder atten-
tion networks for visual question answering [ ]J]. IEEE Access.
2020,8:35662-35671.

FU P C,YANG G,LIU X M,et al. Visual Question Answering
Model Based on Spatial Relation and Frequency Feature [ J].
Computer Engineering,2022,48(9) :96-104.

ZOU P R,XIAO F,ZHANG W ], et al. Multi-Modele Co-Atten-
tion Network for Visual Question Answering [ J]. Computer
Engineering,2022,48(2) :250-260.

REN S, HE K, GIRSHICK R, et al. Faster R-CNN: Towards
Real-Time Object Detection with Region Proposal Networks
[J]. IEEE Transactions on Pattern Analysis & Machine Intelli-
gence,2017,39(6) :1137-1149.

VASWANI A,SHAZEER N,PARMAR N,et al. Attention is
all you need [J]. arXiv:1706.03762,2017.

LI L. Research on Collaborative Attention Model and Deep Cor-
related Networks for Visual Question Answer [ D]. Xiamen:
Huaqgiao University,2020.

NIU Y L,ZHANG H W. Survey on Visual Question Answering
and Dialogue []J]. Computer Science,2021,48(3) :87-96.

YU Z,YU J.XIANG C,et al. Beyond bilinear: Generalized mul-
timodal factorized high-order pooling for visual question answe-
ring[J]. IEEE Transactions on Neural Networks and Learning

Systems,2018,29(12) :5947-5959.

70U

duate. His main research interests in-

Yunzhu, born in 1999, postgra-
clude data fusion and fake news detec-

tion.

DU Shengdong, born in 1981, Ph.D, as-
sociate professor, Ph.D supervisor,is a
member of China Computer Federation.
His main research interests include ma-

chine learning and knowledge graph.

(ST S AT 47



