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Survey of Visual Question Answering Based on Deep Learning

LI Xiang' ,FAN Zhiguang® , LI Xuexiang' . ZHANG Weixing' . YANG Cong' and CAO Yangjie'
1 School of Cyber science and Engineering,Zhengzhou University,Zhengzhou 450000, China

2 Henan Institute of Advanced Technology,Zhengzhou University,Zhengzhou 450000, China

Abstract Visual question answering( VQA) is an interdisciplinary research paradigm that involves computer vision and natural
language processing. VQA generally requires both image and text data to be encoded, their mappings learned,and their features
fused, before finally generating an appropriate answer. Image understanding and result reasoning are therefore vital to the per-
formance of VQA. With its importance in realizing cross-modal human-computer interaction and its promising applications, a
number of emerging techniques for VQA ,including scene-reasoning based methods, contrastive-learning based methods,and 3D-
point-cloud based methods,have been recently proposed. These methods, while achieving notable performances,have revealed is-
sues such as insufficient inferential capability and interpretability, which demand further exploration. We hence present in this pa-
per an in-depth survey and summary of related research and proposals in the field of VQA. The essential background of VQA is
first introduced, followed by the analysis and summarization of state-of-art approaches and datasets. Last but not least, with the
insight of current issues,future research directions in the field of VQA are prospected.

Keywords Visual question answering, Cross-modal , Human-Computer interaction, Reasoning ability, Interpretability
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Fig. 6 Framework of knowledge-reasoning based methods
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Table 1  Typical datasets for visual question answering
i mgwng Hmsxg o RER o FAMRERER S REAL
X BL By 2] B 2k H K E K E R ] 3
DAQUAR 1449 12468 8. 60 11.5 1.2 Yes
Visual7W 47300 327939 6.93 6.9 2.0 Yes
Visual genome 108000 1445322 13.4 5.7 1.8 Yes
VQAv1 204000 614000 — — — Yes
VQAv2 204000 1100000 Yes
VQA-CP v2 219000 603000 — — — Yes
FVQA 1906 4608 2.5 9.7 1.2 Yes
KB-VQA 700 2402 3.4 6.8 2 Yes
CLEVR 100000 999000 — — — No
OK-VQA 14031 14055 — 8.1 1.3 Yes
TextVQA 28408 45336 1.5 7.18 1.58 Yes
GQA 113000 22000000 — — — No
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Table 2 State-of-the-art comparison on VQA v2 dataset

R/ EVIEERE I HE AR E

o fl 7] AT R

BREHE Bk E

RES test-dev/ % test-dev/ % test-dev/ % test-dev/ % test-std/ % 7k KA
BoUpl88] 81.82 44, 21 57.26 65.32 65.67 ERE AN
BLOCK!89] 83. 60 47.33 58.51 67.58 67.92 EE AN
MuRel9°] 84,77 49, 84 57.85 68.03 68. 41 EE N
BANL1] 85.42 54,04 60.52 70.04 70.35 EE AN
MCANL#6] 86. 82 53.26 60. 72 70. 63 70. 90 EE N
MCAoANL17] 86. 96 53.45 61.01 70. 84 71.16 EE AN
DFAFL91] 86. 09 53.32 60. 49 70. 22 70. 34 EE N
TRARM8] 88. 11 55.33 63. 31 72.62 72.93 EE AN
MCANpgy L9 87.39 52.96 61.19 71.05 71.28 EE N
ALBEFL73] — — — 74.54 74.70 A ]
TCLL75] - - - 74. 90 74.92 A 3]
VLMol7¢] — — — 79. 94 79.98 A ]
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Table 3 State-of-the-art comparison on FVQA dataset

A I % Hit@1 Hit@3  Hit@10 VR
BoUpl88] 34. 81 50. 13 64. 37 ER AN
SANL#5) 41. 62 58.17 72.69 EE A
BANL!] 44,02 58.92 71. 34 & A HLH
top-3-QQmaping 86’ 56.91 64. 65 65. 54 S0 iR
78-VQALS3] 58.27 75. 20 86. 40 4h 5 £ 3R

F4 BOCHEBIEIERIE4E VQA-CP v2 b AL

Table 4 State-of-the-art comparison on VQA-CP v2 dataset

E/EEA rHEA HMEA Bk

RETE gmm/% mmr/% RME/% ARE/A% O
BoUpl88] 11.96 12.36 16. 26 39.84  EEHALE
csshozl 84,37 49,42 48.21 58.95  JEE LA
Rubil93] 67.05 17.48 39.61 44.23  EEHHLE
SSLLot] 86.53 29. 87 50.03 57.59  EE A HLE
CCBLos] 89.12 51.04 45,62 59.12  EE A

# 5 EelE R TERR A GQA BRI ILES

Table 5 State-of-the-art comparison on GQA dataset

A T % BERBEHmE/ N FEER
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