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Overview of Research on Cross-media Analysis and Reasoning Technology

WANG Shu-hui, YAN Xu and HUANG Qing-ming
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Abstract Cross-media presents complex correlation characteristics across modalities and data sources. Cross-media analysis and
reasoning technology is aimed at multimodal information understanding and interaction tasks. Through the construction of cross-
modal and cross-platform semantic transformation mechanisms,as well as further question-and-answer interactions, it is constant-
ly approaching complex cognitive goals and modeling high-level cross the logical reasoning process of modal information, finally
multimodal artificial intelligence is realized. This paper summarizes the research background and development history of cross-
media analysis and reasoning technology, and summarizes the key technologies of cross-modal tasks involving vision and lan-
guage. Based on the existing research, this paper analyzes the existing problems in the field of multimedia analysis,and finally dis-
cusses the future development trend.
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Fig. 2 Hierarchical analysis of multimedia tasks
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Fig. 3 Cross-media representation learning

M # A 3¢ M 4 #F (Canonical Correlation Analysis,
CCAM R Tk A FAE MY SEA L 1, 43 5 2 3] B R R M 0T 3%
71 W SR Ay < 25 [ R e R A P R A BB 1 5 A G
TIRIRIC KR, A2 ] R A 25 ] o A% LA A0 5C M 43 1 (Kernel
Canonical Correlation Analysis, KCCA)P! 72 CCA 1y 3l |,
1t AR B 19 4% ek B3R i B B A R R R 0 . T 2L A A A O
#: (Generalized Multiview Analysis, GMA)™ 58 3 3 i@ 26 1k
N 53 By #1302 Fisher 43871, 51 ATE L fE B F & MR %, It
A 6 T LE A A 3 A S B G N LR e OB A B
JE CCA, B R 2% > By K e L9818 SCIR A 5 36 ok &
Tio Wang %5 (8 FI LA 324 26 I 4% 000 2 57 5 B35 M5 B K A itk



EARG A B BA T S i R AT R LR A

81

A s Liu S5 T T 16 R 8% 22 il & B (Recurrent Residual
Fusion, RRF)™ 1§ A 4k 53 1] ; Andrew % 15 55 CCA & Ny
VR B 810 AH 5 43 #1 (Deep Canonical Correlation Analysis, DC-
CAYT ) VR BE b 25 00 455 5 5 0 L 5310 o 1) o SCFRAE L OF
FHAST) RUBE ) 2% 52 JUAR O 1 4317 .

9 I FRAF A RS E E 7 2, ) 22 A 2 0 =2 1 4 AR
B PE JBE t B W UG T R B . Wou S5 8 ) 05 - S0 AR S A - 5
X T} T SCAR R 2 2] BUER AR AR L) s Karpathy 55 82 I B2
v 18 X 55 8 35 (Deep Visual-Semantic Alignments, DV-
SAH i i R-CNN ( Region Convolutional Neural Net-
works ) A6 T 0 24 % &1 4% X sk, T4 97 A T 68 B9 R X dal- B i)
Xof ARABL A 73 s Ma S5 48 1 22 80 25 45 FR A 22 19 2% (Multimodal-
CNNLm-CNN) Ul AN | 9 4] 7 1 BE 5 22 J2= Uk QR iE
SEH. L HI 8 T B3 X A B AR #8E; Huang 55 42 19 SCO
RUTT P YR 221X B2 A 8 1 A AR 2 TR 4% T PR )
FRAE , [R) I T A T 0 AL B0 1 R I 12 1 4 R s o >
SR 52 80T VCBC AN AR A B 52 T 5 T Wang 25 31 &
JIHL 2 T BRI AR O ] AR LG R BRI TR G 2/ Ak
B FRA I EDT W S 5E 5 AE O R 4 AR
A P %ot 0 25y 25 B S — 0 B RS A e R
2.2 BEXE#H

P SR A T AR Ay 181 SO ) s 87 58— AR I 4 B
FEHe o) — RS R L0 I P A S PR I ATTHE 3 Gk T AL [
AR ECARAT Hiy E AR AL BE N 1 SCAS) SO A R B T
SCA A LR N T SR BEMEO SF B SRS AT 55 Y T AR
By LV R 7RI B S B 4 - B A R L g B AR A K B A
J7 51 e 4 A 1 S 1) S5 A B R R # oh  A B 2% 7 A [ B )
S RIR A B A A A L) — S . 3G
VL3 28 AT 55 1) o P ASE B Oy X6 70 26 i P9 4 o el A 8 AR ) 1)
S A2 AR A S BREE A K 5 R WA A R S A L

S 75 B e 32 A T O B 1D AR S A, T S 1 A AL 2
Tl AT 55 76 Bl e 0 B B2 AR I R J 1 5 2) WP 1 L B XS T
I A S e A 55, T I S 7 WL EL AR T 1 3T AR A L B
HEAT IR 22 (8] (4 14 R LR A BORIR A

1% 52 14 EAR IR 38 B R R 36 T N T 19 i 5 B AR .
S S T MR T 12 T AL A RN S A L R R R A
WREHEAT ST 0 5 A8 N B R B SCAS TR of LA
TS BT B F R AR L AR A RIE T SCAR . H R Or
AR L, 56T TR 8 T 28 190 265 1) 400 AT 3R A 55 3l AL COL Il )
FSPLEG GG 2 2, 2015 4R, Vinyals 558 H] 36 T & 0 &
8 245 FIAE P14t 25 100 246 1) 50 1 000 Ok gk e PR 48l iR A 555 2015
4F , Venugopalan 55 if FH 45 ] B SR L O ikt 248 B T iy
R AIE T 2t 5 A A BN T A0 1Y 2R 5 1) i L LA 5 R AR A 3
55 5 Li SE7E BN 25 00 0 3 O3 K00 22 09 Bt 3Rl T =4k
BTN 2 W L S5 A 0T R 4% T B 2 1Y 3h 25 R AE A AT AL, S
PR i A CRUA0) 28 78 it B AR) =0 ) ) A I 53 B RS
Cornia 452 i £ 8 15 Hh KA RO K 19 =) #08 IX Bl A7 8 A4
AR 555 s Yin SR T = 8% K 00 1 R 46T TR B G i E
FRAFAE LA J5) 5 A A X SRR AE  DLAK R £ 52 36 15 B 5 Zheng
SR X A8 T RS R A R A A P A R T A 2

9 J2 4 B A2 R 4% A T AR R TR W AR SOAR

SR, — /B 1% R RE LA P 25 100 AT 3R R A A A L Rtk A
B2 A SCARREGRAE S5 B M Az . 2017 47, WidH 4 K% 22 R
A BA RE T 55 85 WA 7 AT 45 20 B — AN P31 2l Bt v =
PR SO, HL I A R o8 TR R IR % Sk MR AR P A 22 4
AR AT T SR 5 i Y R A A R R SO AR, 2018 4R,
55—l ] Transformer fG# LSTM Ay # R Bl 42 11 1200, i v
TR ] K 8 ) L B R R S LA M G AR A B A Y 3 R
2019 48, fdf 1T 58 4k 2 > it 25 42 L0007 3 4 45 19 SDVC B
AU A 4 L 2SS AL 38 2o i s A B R 50 A 9 A AT T
TR 22 ] A SR IR L A R T AR B R A IR R Yu SR T
F GAN HEHL(Y SeqGAN A A1 iy gl Az i 20 0] BT 1 246 HE 42
Sk fifk g 0 A B I) R 8 sk o | A 00 A T T b R A R
Chen 53R F Wi B 2% ) Rl Ak 2 > 45 & 0 ik N4 M 4 5
B SR FH B B SR S BT L BE — Bt 5 SR B R
JAILA o B i T R AR SOA B R

WHHR 5
|

1T v - 2 !
| L BRI i CEPEYT |
| 1| |
| | |
- Voo EERE TR
| @Eﬁ% ﬂﬁ%% LS VLY
A G A Ll I
| ORI RAE ! ! L; B4k < :
| | |
D GHERRERA) 11 (AREFAEHEA) !

B 4 R B 228 O 4 1R OB 38 45308 A

Fig.4 Deep neural network-based general video captioning models
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