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Survey on Visual Question Answering and Dialogue
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Abstract Visual question answering and dialogue are important research tasks in artificial intelligence, and the representative
problems in the intersection of computer vision and natural language processing. Visual question answering and dialogue tasks re-
quire the machine to answer single-round or multi-round questions based on the specified visual content. Visual question answer-
ing and dialogue require the machine’s abilities of perception, cognition and reasoning,and have application prospects in cross-mo-
dal human-computer interaction applications. This paper reviews recent research progress of visual question answering and dia-

logue,and summarizes datasets, algorithms, challenges, and problems. Finally, this paper discusses the future research trend of

visual question answering and dialogue.
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Fig.1 Example for visual QA and dialogue
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V.
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Visual MSCOCO 10738 360001 6.9 H
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B FAE 55 o A A SR S g S, TS5 T T 4 R
PEFGE M, LRy TR AR L B AR 45 CLEVRPY A
T — R MRE LR,
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WA AR 207/ =TT dl, 20 T T AN WS R 2 R O RS
P G BIRT OB VR GE 56 R I 6 & 0% 0T A 9058 ) 4% 1) 70
I Z 18] 1) 56 28 78 o B S5 40 1 B 2. 38 3o x40 3 56 3R i1 2
WAL AE A T F W AR T O R g St
P& B AR 3 1 O V6 A 3 22 25 00 R 4 B AL AL (Multimodal Rela-
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F I i RN, IF I OC R RHIE 2R TR 1A W R 9 2 B S R AR
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3.1.6 A TH%ey75 %k

TGRS AR F S EE R AR, WA
TR L WA T B A ) SR AU K R R A TR
BOE £ AT A SO BN GRS TR 5 A SR E & b 3
SR 14 H A Y IR RS HOR B R R AR A b R £ N S
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s A5 1 4 HE e =0 PE AR 8 AR - RE X I AR 55 1 B B9 R
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Table 2 Beyond-VQA datasets
. Number of  Number of
Dataset Goal . .
images questions
TextVQA To recognize text in visual scenes 28408 45336
ST-VQA To recognize text in visual scenes 23038 31791
VizWiz To collect data from blind people 20523 20523
GQA To conduct \‘/iSUﬂl reasoning in real 113018 92669 678
visual scenes
. To provide reasons when answering
VCR X 99904 264720
the questions
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