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Multimedia intelligence : the convergence of

multimedia and artificial intelligence

Zhu Wenwu', Wang Xin', Tian Yonghong’*, Gao Wen’
1. Department of Computer Science and Technology, Tsinghua University, Beijing 100084, China;
2. School of Computer Science, Peking University, Beijing 100871, China

Abstract: Multimedia can be regarded as an integration of various medium such as videos, static images, audios, and
texts. Thanks to the rapid development of emerging multimedia applications and services, a huge amount of multimedia data
has been generated to advance multimedia research. Furthermore, multimedia research has made great progress in image/
video processing and analysis, including search, recommendation, streaming, and content delivery. Since artificial intelli-
gence (AI) became an official academic discipline in the 1 950 s, it has experienced a “new” wave of boost based on deep
learning techniques. Its development has been witnessed in the past decades, including expert systems, intelligent search
and optimization, symbolic and logical reasoning, probabilistic methods, statistical learning methods, artificial neural net-
works, ete. As such, a natural question arises; “What will happen when multimedia meets AI?” To answer this question,
we introduce the concept of multimedia intelligence by investigating the mutual influences between multimedia and AL. Mul-

timedia drives Al towards a more explainable paradigm, because semantic information is able to enhance the explainability
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able artificial intelligence

sum up, we discuss the recent advances in literature and share our insights on future research directions deserving further
study. We hope this paper can bring new inspirations for future development of multimedia intelligence.
Key words: multimedia technology; artificial intelligence (Al) ; multimedia intelligence ; multimedia reasoning; explain-

of Al models. At the same time, Al is beneficial for multimedia technology to pocess the advanced ability of reasoning. Al

0

promotes the human-like perception and reasoning processes, which can lead to more inferable multimedia processing and

T

analizing techniques. These mutual influences form a loop in which multimedia and Al interactively enhance each other. To

20 22 60 AEUHE 1 R BLENA R iz Al

2016 AFEE AN T —I0 Ay N TR RE A AR SR M 28 1Y)
PE O T NT R REFPLAS = T B i, BRI
(European Union, EU) £} T Ky A T.% fig %7 3
W, I LE LU PG B N T BE RTRAE , L ds R
M, ZWER - A EARFNE X, RAERZE Stk 2ot SUEMITREES, SiHFEE,
W S H AT B Z R BRSSO i 2S
B & 40 A SCAS,” (“an electronically delivered
combination of media including videos, still images,

FEd i TR — N TR R A St o ) vl fi B
Y ATHERR AT

audios, and texts in such a way that can be accessed

e
interactively. ) (https://en. wikipedia. org/wiki/Mul-

M AR T BE i i
Ml B, N T2 i Sz sk > 2 ok B8 Jin vl 4 2 7 22 4
HAR AR T IAT 1 Z AR AR J7 1k B R 1)

timedia) £8 & — 1 2 4F 1 U & R (Li 5§, 2013,

BRI H RS AR R ). AT
BHEMZN HbrZz —
Zhang F1 Rui,2013) , 22 SR 5% 78 G/ A0 N 25

N AR RS R AR Z AR N K K
ST LS T AR KR (Zhu %5 ,2015) , AT

=] ICHN’_’
AEBLCE TP I 5 R I T — PR R
PR A
FIULEFR eI M R T 4Ok, 4

JETEG I — R e AN AT A fE
HUSRAE 20 20 50 ARACZ ATALH BUE T 2~ ARBT5E
LRAG B RS 775 52 BR

KREE SRR P A AP ) — A
FEPEER, EI, AT TR RE A S R A
P AR R B AT BRI B RE ) A AT e T R 22 B
A, REAS X0 R 3] f4 S AR BRI EA T HE BT A0 D3R
WITEE GEit2# A TN T2 W 2855, Z 1A
AN T REIX P T 2 A IS U A DL AT L 2 4%
FIIkSr e i | BRI =R B 22 SR B AN W

T

SR, S X — T ) ( BM) AN T R A g i 22
PRI HE BERE J7 i 3h 22 A K B ) 1) TARJIAR
ARSI T3 TR 22 R 5 N TR e 8] (4 A
KERFAHEFE I ;
N TR REA PR J H B 22 52 AR SRR b PHLAS- ot 1) AR N T RE BRI . 22 A HE s LT
SR ZPUAE B HEM7E S A A rp AR B R s S E T AR e R
B PRI, —MEAFRASL TS (9 SCBE (A R B T 2) NI REXT Z R0 . N T R fe vt 2
HZ BN TR RRL S e — R 2Rk A7 BT AR RE 1 B A
T [ A TR, AR SO 5 R R 2 BRI
THEREZ AR, i T ZEAE eI &
UM T N TR GRS, 2 0402 il N T AE

T 5 ] A BRI 7 1) R AR R B A A Rl A

BhE

H

PR, AR SO Z 1A R E SO Z AR LT
= He
R SUE BB AR BN, K 2 AR 8HE A\ T

R ] A RERE I RS stk 1 n] BE

SRR D ROk T

BREMIRLS . WA 1 PR E RN R 2 BRI
AR — e N TR BEPEI AL AT LA [ AR THAR 27 8

HEAR B2 25 5 A RPEPRER B AR A T
HA Al B R RE T
AR, i T AT E ) R R A LAS o ) B
Rt IRTTIETERE T N T RE R B AR A b 4l T
B REH E M 23R A
Ko BN, S EBTIHAR A ALE 2014 4F 0 AT A e

GUIRHLAT , R ML #S 27 > H AR H g AT
BTN T A fE 100 4E (AL 100) 73R, DABRAE A

B e

S AP AR 2 B T 2 AT, DRI O TR

IR RE, LIALES 7~ 5], AR SR T PS5 1) 3F
WK G N T BE 2 8] B 0] 2
SEUNT AR AR TG AR SR B, A, S8 TR BUR AR
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Fig.1 Cycle of multimedia intelligence

TRAE 55 L 5 TR AL 27 S BORR AL HEHL &7
AR JEYR T HLAS - T BN R L

2) Lt ~J T 22 W A BAR T 5 O ) #F B A
T 3558 T Z2BARAE BT B HEWTRE T

RSO Z A RE B AR GBI S T A e kSR A7
THE SRS, RIS H A WL (LA 5T B T 74
ARIEI, A BT A BESE ML, MEAT i i T nl REX
Z PR R 7 TR A 5 W) ELELAT RIS AT 52 7 11
I T — e A Y DL

1 ZEEEDVNRFZEILR

— )5 T, Z RS 1 2 SO HEShPLAR
RN TR 2R EOR RS B 22 AR 4 b Al
P A 22 AR B 19 A FRAE ( Cord AT Cunnin-
gham,2008) . 55— J7 I, K1 (4 22 AR KA i 140
W 18 PR PR AR T R B 1) 2 4 22 b 22
SR T ATRE, W 2 B, A58 WF A7
T8 22 AR HE L& 27 2] R R i =X 2R
fafsfEsh LR 7 ) R K& e s Z AR AT 4 sh L e -7
IR JE

SR SRS S
SR BRI
s 2 itk
B P,
SRS SARE S

K2 ZHURIESILE A > K

Fig.2 Multimedia promots machine learning

1.1 BHREEHEDNBZZIRARE

Z AR 0 5 TRUR & SRR 55 22 b 28 A
AR, Hoh SRS B At & AR gt s T
ZWEIE, SR T ke 22185 285 R0 S 4 114) 22 B (A R 41 e
KZ XL gy ) B AR R0 b B 2 RS H
IH BEURE B PE A RIS Z RN O R AR T BRI
Pl PR, A SCRAETE ZBOS ZBHAREE I A2
T ZBES ZBREE Sy b i 4 A B R /2
IR RAE | BB XT 55 | 2 AR fl & Fn
ZAREAR TS I 8 S T AR I BILAS S ) 4
AR, BRI X 4 A 5] ) i A 3525 b 2
LS8

1) ZIREERIE, 2 Z B8R R IE R
T FEN LU P R G RAE A A RAE . BR
B RIEH Z A BBS B 215 B W) — SRR 25 [A]
rh T AR AR AR A [R) R 285 4 Btk 547 0 i) Ak 2
{18 [e] 6 A1 Tt o 5 R L %) 249 B e AT A
S [E P EA T e, O TR 2 AR G R
ik WP NGB AR T U SR B4 PR R R 4
)2 2B TR B A5 W 4% ( Srivastava Fll Sala-
khutdinov,2012 ) | 2155 25 H 4 WA 1t ( Fukui 55,
2016) FIZ RSB E LK (Ma 55,2015) )51k
RGBSR, 7RI RRAE, —
LT () 451) - J2 TR B A i 1 AR ABE Y ((deep visual-
semantic embedding model, DeViSE ) ( Frome %,
2013) , EME T — > M ERF SO FEAE 1Y 1] 5 2k
PEBLE , SXREAFDOE I 4 13 8 0 [ RAE 22 1) 1 P AR
{ECRER TARXT R AR, HoAl— L8 TARdL 7R A~ B
A A B i g 09 2 T BRRUZ b g T T R A 23 ]
(Wang %% ,2015; Yuan 55 ,2019a) , &3 /R T £
SBAGROER — 7R,

o= J-To[=]o]o]x

P 1o
2 A
=
5

FFT
(a]e]-Jad | v ) Celol-[a]ofofole]
ST Bt SOl it A

K3 RS RA M (Fukui 55,2016)
Fig.3 Multimodal compact bilinear pooling (MCB)
(Fukui et al. |, 2016)
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ORI 2 1 TAFE R T R B M 2%
(Transformer ) 7£ Ak 25 401 45 B A5 B% %%, A o i FH
Transformer 48— Z A I RAE A —FP Al fE,
LXMERT ( learning cross-modality encoder representa-
tions from Transformers( Tan F Bansal,2019) ) . Oscar
( object-semantics aligned pre-training for vision-lan-
guage tasks (Li 55%,2020) ) 55 T4E, i i Transformer
AR BB HE 1Y Bk A R AE; T CLIP ( contrastive lan-
guage image pre-training ( Radford %5 ,2021)) ,BriVL
( bridging vision and language by large-scale multi-
modal pre-training( Huo 45,2021 ) ) W F DL 3 K 4
() IH AT ZRAE

2) R R 55, A 2 BB X 5%
S PR RSB 8 — A AR TR, H Y2
P B2 MBS S0 Z [ 6 R AR 55 072, 24
AR, st I8 4] %2 37 ( Gao 55,2017 5 Hendricks
45 2017 ; Yuan %5 ,2019b) I & H AR € 7 (Liu 25,
2019a; Zhang 45,2018 ) #BJ& T A5 25 £ X 55 10 A
ST, IR B AT S ) 1 BRI 5 AH L A8 AR

UETE/NSE THT
BRIIRE

LTIV

T S )
AT i

BT REEE RN

N

Jr Bl UG XS0 55, A B % 55 1T 43Sk A
TR — BRSO 55 A B X 55 . Baltrugaitis 55
A (2019) #8202 B XS 578 LR A ek DL AR
ARYSEFIRT T, R 5 — B TS5 By )b
PR BN S5 AR RN BT S AR e AN T 1
BB FEREAS TR 38 S AR A I L2 ST ey AR
g Y ok s . X F B X 55, Malmaud %5 A
(2015 ) F1J FH 2 2 /R AT R AR A (hidden Markov model ,
HMM ) B3 20 3R 5 (A 3l AR Y ) 73 e A0
X5, Bojanowski 25 A (2015 ) i 15 2% > #1L5E Fll SC AR
PR 22 ] P 42 AP e SR R i 2 s Sl 6] 5[] 30, AR 7
PR A L 3l Sk ) - 3% 206 R % Bsf ] (it ) B, X
ka2 x%F 5%, 13 &SI ML ( Bahdanau 5§ ,2015) 1 Rl
aeE g — A R T B BRI SR E £
HbOGHE T 75 2 A F R B AR FIu R, B 4 EE (Vin-
yals %¢,2015) (4347 X3 A0 ( Yao %5, 2015;
Yu 55,2016 ) H1 (¥ it 2 /- B¢, 4] F ( Bahdanau 5§,
2015 ) H 4 B3] F1 35 45 ( Chan 45 ,2016) Y Fr BE2%
Kl 4 J&oR T 2B EH X 55 1 —A il

U e/ NG
RREIRR

Y E ML

— —

I |

— | P——
S YR | | i8NS RIY |
EEIRA 1 EEBRA |
p(x|zL) I pAz|L) |

— — — — — — — — — — — —

Kl 4 ZEEEXFFIAR S R SCBRAY ( Zhang 45 ,2018)
Fig.4 The proposed variational context model (Zhang et al. , 2018)

3) ZHARIERL G . ZBESRERS BRI
NTEBERRERIEZ —, BEEEAKAZME
HAEZ , DLTUIN A 45 24 < i 2 o0 S0 28 531 (
RS ) |, s 2 (] 0 B — 4~ 3 S (e (N,

RN, BRI E, ZHERG T 50T L
A3 NPT 18] ( Baltruaitis 25 ,2019) ; SR JC 56 1)
T AR TR 7 . SR TC O 1y 7 L AT LA
G383 FEARL. RLphG RRLG AR G RE . RRlE
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KXH, F8, BKE, BX / SEHESEE: SSEESTIATEE

TESRIBURFIE 5 37 BIVEE ok B 2 RS A ARAIE (Gl
A B R AT AR AR SE B ) o MR RS TR
FRECSAR A C X5 TR AME S sk (i, 732k
s R AT RS . TRA RS T R RS
245 SRR BRSS9 F00I0 235 SR8 o A AR B A — i
RPATEIFM R SRAITC R I vE LR AT LA
FHATEART FAARES A3 2E aR B Bl H A8 ok S, X R A B
THE R EARAN R LT 2B, AL
ZN AERETRIRIR I vk b A T 3 EBIRR SE K
RS G TR BRI 4 £
¥4 >J ( multiple kernel learning, MKL) ( Génen #1
Alpaydm 2011 ) & % T % 19 3¢ %F 1] & #L ( support
vector machine, SVM) B9 & | LA A R B2 H T+
ke A RIS/ ML A . T AT LU 0= A
TR £ Z A AR RU: (4 R, PRI MK e AR
SR AT DL G MRl S A B IR LR RS
a1 S — R IVAT 78, W] 2 S A T i (RS
4 (Nefian % ,2002) | F/i3fe e £ /K AT KA A ( Ghahra-
mani 1 Jordan, 1997 ) LA K 5l 25 D1 35 9 4% ( Garg
45,2003 ) ) MU 5 35 (A Z& A BEAL 3 ( conditional
random field, CRF) ( Lafferty 4¢,2001) ), KA

—AME R EATTRENS 1) IR i) i 1) 0 25 [R) 2544
et AR S5 B FH T A DR R 2 TR 1) A6 B Sl A8 Y
155 . HHI, M2 M4 (Ngiam % ,2011) &) ZHF
LA A AT S, B, KEHiE1Z (long short-
term memory , LSTM ) % %% ( Hochreiter Fl Schmidhu-
ber, 1997 ) © ZE Bl T HAE Z B BT 51375
(Wollmer 55 ,2013) J7 H L T FIBE R DL 355 B 3h 4
i 2% (auto encoder, AE) 7£ Z 5 & HL 51 ( Wang 45,
2015) A4 Ak (Wang 45,2019 ) 140 45 4k 22
(Yuan %5 ,2019a) J5 A S T4 Nl & AROER ; B
2 W 4% ( convolutional neural networks, CNN) &2
2T AR SCA K R AE 55 (Ma 4%, 2015) 5 CEN
(channel exchanging network ( Wang 45,2020 ) Il
JH 38 T8 A2 4o S 3 22 B E iy Rl G, 7RI LA
FIEMG AT 55 LS T 3430 ; MBT (- multimo-
dal bottleneck Transformer ( Nagrani 5% ,2021) ) i i
5] A Transformer , PR il A [F] A 25 22 [6] 5 EAL i3 A9
5, DT e 4 IR R AR O R e b 2 A AR L, 7E
ZAMITAE 55 Th AT 1, AR IR BE A 28 [0 £ 8
F HAT ARG vh 27~ 2 2B U RE ) (BB A Tk
ZHERRE YT, Bl 5 RoR T 2BSRE I —AM

o)
Q

R

(a) ZHLASDBNAYTIYIZ:

Xy

(b) S A BhgiG e AL TR

K5 ZHESRERE R BOIZRRBOE S T (Wang 55,2015)
Fig.5 Multimodal fusing in pretraining and fine-tuning( Wang et al. , 2015)

((a) multimodal DBN in pretraining; (b) multimodal AutoEncoder in fine-tuning)

4) ZHIEEIR TR, 2B 2 R T
[F) & 5 TEA MBS R B A HIE B, B B2 5T
FTEMBESMMIAREBEFRAZ MRS
( Baltrugaitis 55 ,2019) , X PO B SK B [F]— %
PR, IF HLL) Z [0 A7 7E BRI G R W IT 4T 248
SEE T ] S 2 BB s i 7% 1y LAYy

e, fln, 283 A 3 g 5 4% (Ngiam 45, 2011 ;
Wang 4% ,2015) 7] DL3E 2o 2 52 i Bt 2 415 B —
SRR S — B XA AR B A 1E 1
ZAGASFRAE ) FLIE GEAS 2 00 47 (%) PRI R, 1T56
) PR OR AR RIS 4, JF A A &
B IS B SR A I AS S T B (0 S A T 2

2555



2556

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.27 ,No. 9, Sep. 2022

WRATATY, X AN )3 A 2 20 38 38 13 A FH A
FIY A RAE R SEI . B 40, DeViSE ( Frome 45,
2013 ) B UM I 45 000 R AE 5 7 PR B e 4R T
Yk 1) 14 9] 2 ( word2vec ) SC A KEAE ( Mikolov 45,
2013) PAAEE K, DLIk B F) H SCAR bR 2 K el it 26
S HIEUGRAE B, 8 TIEZ TR A
PR IFAT 2RSS , WA HE S ( Baroni, 2015 ) FI&
FEA 2] (Socher 45,2013 ) J2& S B o R A AR

— VREEDISETE X
] o

AR

b

iAW

TV ik . X TS EEE o 3 R BRI R
IR R ATE— IR & 2B 5 O T FEE 7 80
MR G) | e (AR TR A AT R 22 2% (Ra-
jendran 4,2016) , & {# FH — P A Sl AR 5ok 27 2T B 3F
PRI ZRRAE . XA ] HI Tl e
B (Nakov HI Ng,2009 ) F1 1% ( Khapra %#,2010) ,
DAV AT TR R (H e 2 2R R ACh i 5 i AN [+)
HE. EBl6 R T — 2T+,

skip-gram . ‘q

VB AR - IR
(EN=] 24 : K ¥ -ﬁ.
AHAL ) e’ oo

- fedssz

L) ° e . '..". ’
. .‘: co ps ®
*‘ et . L °
AR i N, "_t@’:-
e

Aif) R € iR .
ZHEAe o .
I I - Jﬁgjgrﬁ% : L 7]
R T zs BA 1] [ | : d% = . ﬁ
ESEEA Fr%: M) ot — ;E% = 5
W KA )L} ]
(a) BRAHEAY (b) t-SNEH ¥4k

El6  BTIZER) 5T ALES R (Frome 45,2013)
Fig.6 Model structure and visualization results( Frome et al. , 2013) ((a) joint model; (b) t-SNE visualization)

1.2 SEEEDNFBEINALZRE

WRTATIR , M AT A TR BB AR M 0 78 LR
O] KR BRI SO B A R LA A R
RLAR 2% 2T N, A 46 2 AR R SRR | 2 AR
B 2RI 22 AR AR R 2 AE T S
BT R 45 T i 2B 2 i ARRdE s L)z
AT,

1) AR R SR, AHRIPEE R (Agrawal
45,1993 ; Ciaccia 57,1997 ) — H & Z A F B R
AN LA B 9T IR A, — A G A PR 1 R
TR A A T B AEAA M, 1 7 2 = 8K R (Gionis 4,
1999) . FIMEAE R W2 80775 B 76 A i
FARI A, a0, 76 285 78 SCAS (G 1R 2 if)
H AR BT 50T 48 RA U SCAR (ER) . 53 4MIE AR
o Z2 AR Iy FH R B SR A3 TR R T A R TR]
{5 BB R NS, A R R FSOA ki
Koo B B ok T X s S N AT
SRR A A B0 4 2R A9 5 B0 T oK (Rasiwasia 2§,
2007,2010) , Bl ANZS & SCAHE R AR E 5 5 4 2 K
BARRM AR, R, ZRESBIE 2 BRK R

R A SRR A5G, T AR UEZE A i B B, B
TR RRAE 2, o BE A0S o fgk My 4T 75 45 PR AR 2
A5 B, T ARIE A R B RCR (Lu 55,2021) . HAT
C4f XTSRS, EZ2 MR N
Z50] DL 5 19 2538 18 3C ( Wang 4§, 2016a; Wang
85,2018 "HARHL, B PR & R A B T A Rl
B ZRBE N 45 B 55 10 & 8 At o T B sh £
AR B F B Z RS R AR i ok T £
AR TR . IR R AT AT {2 Ml 25
T PARAESE (Yu 55,2019a) , & AR H#HEXE (van den
Oord % ,2013) | HFLHHEFF (Wang 55 ,2016b) Fl4t 52
HE#E (Wang 45 ,2016¢,2017,2019a) 25 195 AR, [
B, FH P 5 2S00 H 22 8] 4 58 Bt a] LAAE S —Fh
oo CHAE R BT A M 2 1 2 B N A ZE R 15 B, DA
T2 R HEAE A ROR: ( Zhang %5 ,2021) , [RIRE 323 AT
DL SE 253818 3C (Zha 25 2020b) K556 F 245
BEAER T ZTEANNE

2) ZWRR G, Z R0 & R T2 —
ST i # IR  (audio-visual speech recognition,
AVSR) ( Yuhas %5 ,1989 ) , 33X 15 T4 i) R JBOR I8 F
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McGurk 80 ( McGurk A1 MacDonald, 1976) , ok Ry
T R E AT A0 RN T 58 28 BN AT Y
McGurk RN IR F—FP I, BEAATTFE A — 3 45
() TEAE DTS 0 L AR L S I A R 21 73545 [ da ],
SRS ME R [ ga ] A0 HE A2 19 & 15 5 C &7 AL T
[bal, BXIEESRBRD T 1VF 2 364715 & F 5 A5
NGRS 5E A5 B RS B N AL AT A 5k,
Rk F R B 2 21 77 1] A58 N B2 ( Afouras 45,
2018 ; Ngiam 2§ ,2011 ; Petridis %¢,2018) . ¥ Z i
5 BN ATE S FUNER P 0 Se 82 3 17 R M Re, T AE
—EREE DS T AR, A — 2 AR
B e TE RSl P W IRt Y SNy e A S XEED) | N
1 (Gurban 55,2008 ; Ngiam %5 ,2011) . #0550
S A AR T T AL 5 AT v (04 1 1 5 RN R
A2 BRI B2 3G 5 56 1 132 N, R R AE 2 A
Ze TP ULTE 1S 50 T (Ephrat 55,2018) , R
HIHE 0 TAETE 1 215 BT 1 BB 0% 15 B 55 4 114 3%
S AR EAT ISR T A & 1 U 255080 | i A B
SEA T R O ) 2 OB A AR A, TR R
(Xu %,2020b) , A %8 (Baevski 55,2020) 5§ JC W
B (Baevski 57,2021 HIE & N R GRS TE I H X
SRR B AR ROR . B 7 A 1T R U Y

P
Gl
(=} S
0 fﬁ%ﬁz SCATI
EAE

7 TR DU (AVSR) Fi R BEIA ( Afouras 45 ,2018)
Fig.7 Outline of the audio-visual speech recognition( AVSR)
pipeline ( Afouras et al. , 2018)

3) ZARKI, A Z3E 4 ( Ramachandram
1 Taylor,2017 ) & 75 Kt A1) H] 2 AR B 48 19— 4>
HENFE O, o T ARSI S h 2w R B
TR S IR IAT A R ML A 2 ) B3 T TR B AU
AZHE B H AR T E 2B HE B . R 2R
ARG B —SE AR W e e IR 1B 5l
HE H #5555 B (Chen 45,2015 ; Escalera 55,2015
Ofli %,2013) , T ZHTREEF ] 1Y )y i 2 0 ]
T R N Bl 45 FR 4T 55 ( Ramachandram F1 Tay-
lor,2017) , f 4% B AE K I ( Natarajan 45,2012 ; Singh

4% 2016 ; Xu & ,2020a; Xu,2021) (—NF7 A7 HE
ZABRIN — RN VEH N) L T7 a4l 3 (Lian
4% ,2019; Mukherjee 1 Robertson, 2015; Zhang %,
2020) . F-#GH S ( Chen %5 ,2021 ; Neverova 55,2016
Wu 45,2016 ) 15 /B 51 ( Kahou 45,2016 ; Poria 5%,
2016) F1 1 #B 2 51 ( Ding Fl Tao, 2015; Guo %,
2020a;Meng 55,2021 ; Zhang %5 ,2015) . BAE AL &
2010 MERAF R SR BE T HLE L WiATERK
e TR M SRS B R N, AR 2 A W)
TR & 43 B F ( Schultz 1 Sartini, 2016 ; Sitova %5,
2016) . &l 8 JE/R T —> ARSI Y 451 5

4) ZWARA L, RS Z R A e £
AR N TR BRI S — A EHE T W, 4E — RS
A SR, Z A A U AT: 55 02 A2 L) — S AN Al BB 2
W ) —S2 A i, G AR T AT A SR 16
A PG/ AU 2 T 2 B R f o, 22 RS A Y
B SRR BN — PR S e 4y o — RS,
PMEAEFRS P AE N A . SRS E P AIRZ Ty
V£ JF Hal R R TR E RS BATAT LA M D
FEI A, LT S5 AL F A Al ( Baltrugaitis 45,
2019) o KT S0 B 7 V5 AR AR 2 22 1) 38 3 4 3 o i
R IEAT I WL T A5 A4 J7 ¥ 1 3k R 0% 52 U 25
] AR AL, RS SCF (Tm2text ) ( Ordonez 55,
2011 ) s B AU i) B T S0 1) J5 v BRI 42 )R
PR R UL SO IR BT B AR 5 R 2]
R ARG . o — SO T S5 %) J7 SR HT R4
e PEFLL (integer linear programming, ILP) 1E M1k
HEZEL ( Kuznetsova 55 ,2012) , iZHEARHE & H T4 A 0
oo EARRLAY R A N T4 sy KL i, SR 5 A ik
FEHZH 5 3 SRR LAAR IR AT R PR Tl A . X
LT AR A O v T i 38 i R G —
T A 22 W 28 BT TR H BT A T B 2 RS A AR
Lo XSRS I Y T AR SR RS
TR R4 B R B3R, SR i (00 P A i 2 A i Bt
& ARG AS— AR AR B SO TR B
( Kalchbrenner #1 Blunsom, 2013; Sutskever 45,
2014) B EANTE AP HE— 28 T e KR AR
7 ( Kuznetsova 55,2021 ; Venugopalan 55,2015 ; Vin-
yals 5§, 2015 ) il & 45/ 31/ & A 8 (Lin 5§,
2019d; Mansimov %5, 2016 ; Owens 45,2016 ; Ramesh
4 2021, 2022 ; Reed %5, 2016; van den Oord 4%,
2016) [, 819 45 1 245 A iU 7 48]
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(a) BAIEHE

— Acc-x

JEEEE/(9.8 m/s?)

(b) FEES
300 p—
; YIo-X
200 ,". —+=Gyro-y
0.5 05F 05F 0.5¢ :\uT 100k : l‘. - -'Gyro-z
= 0 y o
of of o} of ’%‘ £
N N N N =_100F £
E100F 5\ ;
-0.5 0.5} 0.5} -0.5 Z-2001
2-300F
-1.0¢ -1.0¢ -1.0¢ -1.0¢ -400 |
2. 2.8 2.8 2.8 1 !
LR 01 263527 01 289 01 286 01 5005 1 L .
%4703 22420300 %4030, Z%4703% ‘
il /s
(c) BERITHELE (d) HHPEAE RS E
8 WL TR S ) 2 RS HAE 9 — 55 ( Chen 45 ,2015)
Fig.8 An example of the multimodality data corresponding to the action basketball-shoot( Chen et al. , 2015)
((a) the color images; (b) the depth images; (c¢) the skeleton joint frames; (d) the inertial sensor data)
oo EI
S r—
X35 c, c, c, pP&Y.Z )
__@‘ W write Twrite T write
UL " NN
Op om0, e T N0 AT 0 s Generative Generative Generative )
- ""-"", r"“"'"".f---""'ur- e - ___.r_': ..... NNh%en ) NNhgen gen EEESZ: (P)
[ " " B " s 2
I H A H R H R H R R E st 5 ) ¢
h, .E h, !E h :E h, !E hy :E he | I I
" . " H H : Latent (z) ) Latent (z) | .. L_) Latent (z)
: : p(Z) V| pZ)Z) V| P2,
" ] H Y. S F— Ao ... Ly 7 S—
— —=|[ul— ad el HE=dE : " : H . H
Ay Lo hy [l Ay [ Ay ful b | u] A | i| Inference | i | Inference Inference
. N N : jinfer iner -3 N, infer
: 1 2 T )
-T-T--TT ------ T- ------ T o read T read Tread T (Q)
a person skiing  down a  mountain : w w
Yy oo ¥ s Yoo Vs s SO i N

K9  AlignDRAW #57 ( Mansimov 55,2016
Fig.9 Alignment deep recurrent attention writer( AlignDRAW) model (Mansimov et al. , 2016)

5) ZBAKIEF S, A R8N
SRIETE F AL Z A AR B BARTRYER
FH A A5 8 3 ) B 3802 A7 (Gao 5§, 2017 5 Hen-
dricks %%, 2017 ; Yuan %¢,2019b) | & 1%/ 4055 A5 vE

45 2017a; Qiao 25,2019 ) A= Jl &/ LM, 18 41 It
B R T SRR 53 — RO X, B AR
FHARTE 5 R A2 UE S ShVERR 25 Fk 1R 51
PRAT 8 45 7€ 15 3 ( Gao 4%, 20175 Hendricks 4%,

ol A

(Duan % ,2018 ; Pan 4%,2017b; You 25,2016 ) LA & 2017 ; Yuan %5 ,2019b) , A &2 200 AN ZE06 ShASETE]
MESRE T (Liu 4%,2019d; Mansimov 45,2016 ; Pan  BUMMERT M BRAGERZE4E . BT ARG AEg4 4t
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X E AR Sl A0 (A A DRI 7 49 1 R A o A
SCAAF S AT LA FS By 5O B A4S I st 18] 341 AL ( Chen
Z¢ 2018a; Zhang 55 ,2019) , X o] LAk — A {2 i —
FRYN T U H A& R, A A 5 A K I ( Badam-
dorj 4¥,2021; Yao 45,2016)  MLATI % %2 ( Narasimhan
4% 2021 ; Yale %% ,2015; Yuan %% ,2019a) FIfR W16 S
541 ( Anderson 45,2018 ; Pashevich %5,2021) ., 1L
Ah TEEUG X B 7 H AR TE T AR S T4
ik H¥p 2 7 ( Liu %,2019a; Zeng %, 2020 ; Zhang
4,2018) , EMG/MBbR T B 1E R i A R A0
A OSCAHE IR LR B ) 2 By N H

v

A7 ( Bigham 25 ,2010) , 3 HXF F 35 F N & 19/
RWAEw E L, B, briE R AR DO T 2
DU, B AE AR E S R RS HE R
TR AN 26548 2R (Hossain 5§ ,2019) . [ AL S5
AR T — s ik Je——M F SR 15 F (Pan 5% ,2017a;
Qiao %5 ,2019 ; Zhang %% ,2017 ) 2F i B 4%/ #4051
H A4 (L 07 2 E R B R R Z Rk, HR,
BUGR/ OBb5 TF 0 AR AT 45 76 DR Al 7 i 4R A7 7E 32
S R e B ol TR R G | NS B U s S R 94
4 G AR G o i, TR 10 JR R T AR A 7 1 —

NIE
| ( Start ) | | Word 1 |
Input Input Input
embedding embedding embedding
v v v
GRU/ GRU/ GRU/
LSTM LSTM LSTM
Units Units Units
[ Word 1 | [ Word 2 | (Stop)

B 10 T IR ) B RUIER T 1 S A HESE

Fig. 10 Framework of video

2 HRFINEMSHEERRE

— 7 T, TR TR AL 2L 1 BRI
FIRE ) — BRI B EE S Z—. Hi—
D7 T, NS A TA T 8 A T AR Sy J 0 A 2 A 2
X (Manhaeve 55,2018 ; Peng 55,2017 ,,

1) AR ] [ BR BT, 8 70 T 5L A B A S
H

2) AT 2 3 0y ok i — 2B 4 AN
R R | T ARAT TR AR OB R

K11 s B2 HLas RGNS A B3Ry
5 IR NGRS B AL, HLas T 55 2R AN
Y PR BUS LR B0 , — 3 E R b A 0 B
FVRHESE IR, —ih 255 B A B R 3R 45 1 Rk
TIPS AL AT S HE B ST e X 22 AR B s 1 i —
PR AL, MERE b BRI A
TN S50 X — i R AR T INHIBE ) 5 AR
b EFE AT ARSI 4 B A A R AR
BT A ) S AR T REAS TR Bk

annotation based on deep learning

PR, — o Bl #s 2 > 80 TR 58 B RN 2
DL S B AR AT S5 Ml IR, A4
SE T IEAUVRIE PR A MLAS 27 2] 7 iR e 48 IR SRt
T 2 WA N 22 EARAT 55, (0 L rp T 2515 1) JEL IR
FREME T LAE RS B 2 ARG P, X BB AR A AR A
I FH R 6% 348 5 22 0 v 28 ARU 28 A #E BRRRAIE , DA TR
FEAEIERERE ) R A 2 AR R

AT, VR 2 ) T 3 B 28] LAAR G b 5 J R
T3 AT LA X 4348 F1 # ( Deng 45 ,2009) , iR 5 A 2K
(Zhao 45,2017 ), Jf [nl 2% faj 5L 1 [A] &8 ( Antol 5%,
2015) . SR, B DLTFFC kS T far 4 2 . BEAS AE
o LRV FIUIN 265 A B A R, BN REEA T A A 19
NS AT AR AR TR B ELE 2R BN
e PRI AR L |, A 15 2 0] JB 1 IR 88 27 > Sk pr 2
HERR ) Jie | Ay B g s BRI Ty ) i — LB A5
.,
2.1 EEBERBMES

— SO N R L o P AU R R s
AR HE iR 22 I 2% DT ol A 26 I 4% EL A 4 B g
B, AR R R ] AR dE 24 2 . AT B
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e
e
%Eﬁgﬁ SIS
[ ) g [ ]
ad 2, |l
£\
2 &
o 5,
DRI IR,

A 11
Fig. 11

SR AR ROR, HRNA B B, X
PG BT AT LIORE— S 5 U 4 3502 945 i 21 4 22 ) 2%
BAL SRBIX — 25 . e, CRF St
PR (LAAR B 3% 1 B o ) X T AL as 7 > 5
PRI R RS R RE S e AN DY, TE
K FH IR #2528 ( Scarselli 55,2009 ) B, 56 & W 2%
(Palm %5 ,2018 ; Santoro 55,2017 ) BETHT 41 22 W) %
BF, 075 1 T IR N R

D) ZAE, ZAHEEN H R0 AW
Z R AR W] LR T 3 U P28 T 2% ( recursive
neural network , RNN) SZ B | 781X 28 T 4F 8 R &%
—> 18 5 B IR S £ 40 HfE BT B A AP 28 9 4%
(Cadene 55,2019 ; Hudson F1 Manning,2018 ; Wu 4§,
2018) , Hudson 55 A (2018) it 17— 2k H
S AR VA BT, I FAL T RE 5 1 I 3 I i 25 I 45

RNHILFE (Zhu 25,2020a)
Human-like cognition( Zhu et al. , 2020a)

JCRE X IFRI T 1 2 MR it e g i AR
JU” CREHCERIT A B AT R — 2D
P RE, Wu 55 A (2018) SR 2 A0 HE B AR W ok A 30
BER) 2 (visual question answering, VQA ) H 43254
HRZk 2L, Cadene &5 A (2019) 48 T —Fh Z H 1)
ZASAA ORI VQA [, Ak, Das 55 A
(2019) 4& iy 1Tl J 2 20 6 R —13 8 22 AR RO fi
P )BT 55 19 575 . Duan %5 A (2019a) i1 £
AR SRS O 27 > T (R RS 9] ) 100 AR X
SERIAY 2B i T N PR RE T FRRR i AR G
Sr R R A F B B R R . AR, X BERE RN 58
5, I e 17 BT 52 A a5 F | i H: o R e
oA B MEAR R A, 3 S 7 R 18 1) 3t 0 4
PP BRUME TS0, 3 e N T3 ) R 2R RTE 1S
Z., B2 B T — D2 LHEMmp T,

). FEPE A,

-P-—D-GRU
B AR BE A RS2 27 ‘

[ J 2 amik ]
- sign next to the
bus on the right
: ‘j: 7 ‘ V i v :;‘?v 5 @ ;
s 2= 5 bus on |z =y i S
—L the right | % i
— ..
N N\ = N
7@:@ G féﬁ@ 4;,\%
(bus2.on the right of. picture (sign, next to, bus on the right ) o
(busl, in front of, tree )
RE HRFR

12 WSE [ 14 22 0 i B R ( W 4 ,2018)
Fig. 12 Chain of reasoning for VQA( Wu et al. , 2018)
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2) KA, Br TGN Z Ll 2
BN 28 HE 381 O3 — B O =02 R T pl 28 1) %
(graph neural networks, GNN) ( Scarselli 55,2009 ) >
BRGNS C R IERERE ST . 3k 28 TAER 20 H E #f
25 25 ARG AR AE DL 2 38 580 (R 45 11E , R el
HE BRI H AR R R A 7] 25 4T 55 (Chen 5§,
2019 ; Narasimhan 5%, 2018 ; Xiong 55,2019 ; Xu 5%,
2018; Xu, 2019; Yu %, 2019b) MY ZCE, Yu %5 A
(2019b) A1 Xu %5 A (2018 ) f# F§ GNN 3k % F 55
AR B BRI 7k A RRAE . 1T Narasimhan 5§ A
(2018) FI Xiong %5 A (2019) F1J ] GNN 1 Jg —Ff 4
SR TR AL G ) 22 X SRR, B T IR
FEAE 71 B TAE SN, Lin % N (2019¢) il Tsai %6 A
(2019) i 35 B[] 123 o) B dl e 8 7 TR
WAt 23 O R A ) ], Duan 58 A (2019b) i H]
KR BRI T 3 Y o AT S5 bk ORI S
TARAY AT B . AE Duan 25 A (2019b) i TAE
o, — XA LUE ORISR R LG X s
X M H O B SR e ST &, pln, LU
PR XF G e gl R Sk BT &
EATZER SRR E LS XN N GBI P m A
I PERE AT ek . BE Ak, Wen 45 A (2019) 7E £
BRetRsR A IR 5 B s T 2R ek Z 8] 1 ¢
%, 1M Chen % A (2018b) W4 H T — ol 3L T 5L
TR BRI ZE G 7 — R BRI 4%, 1K 13 @
IR TR ARG,

ARz )
[ FRAE L

AR )
DX a4 P4
13 ffi ] GNN £ H AR AL 55
43 T2 ( Chen %§,2019)

Fig. 13 GNNs as inference tools in object

detection tasks ( Chen et al. , 2019)

3) R ITE AL, VF 2 AR ok T R A
VRS HE Y T ml i B A — A7 X, X LB E R

K —E R BIAIE T AR T A RO HERERE ST . 80
J& Mascharka 55 A\ (2018 ) $2 HH5 v 5 1 EAVE T i
CHHEBEAYZEER . Cao %5 A (2018 ) 1 FHAK R A 41
FVOA (LS5 EE KW, Fan F1 Zhou
(2018) I FH ¥ 7E 13 2 7 181 o i itk 22 A AU 4 AT 55
AIRCR

2.2 RRE—HEERREFE S

—J7 T, AH 24 22 RIS TR A B AR ) 4R K
FRZ P2 M 2% ( deep neural network , DNN) H1; 55
—J7 1, HAAF IS DNN 3 KAHRI 9 1 3R R fig
JIFEAT AR, IR A ) J2 Ok A SRR aed PR R A T 9 I R
BEALh i G SIS PT B AR DA A D S 30 L T A 5
NTHRE,

1) AR IR 2% o AR B R 2% (neural modu-
lar network , NMN ) #% 5 i1 Andreas % A (2016a) &
I PR AT 55 TP AR BV H] . NMN Y
F AR — e SO R A Ok Zh A HL 20
BERE X IS SR B TR L DT A A i A S
PSP AT X SR R B AR B TH
KT T 4R E BT RE, 1 AN A 4k SCIOR [m] 5 45 B
AT 388 B AR AN [+ i A S 280 285 e 4 6 ol J 2
45,

NMN BT abl R A IS WEEEE R (1) o
FEREA T IR 5 LAY ; (2) TR M 248 I 45 HLAT 5 K
AIRRAETT .

NMN FZH & 4 0 V0 0 8 4 B 5 e 20 A
JUASFI S AT E ] B A D RE A . SR, T LA
FHIRJE o 28 0 268444 33k 28 J5U AR D REAST AT Sy oA Bk
KA, LG RE T AR 3 2 8 A AR
SEZ DT 1) A LA D3I 4 A0 5 2 R AR s 0 0
AT ;2 ) RE A% DR A L o 1 R0 5 R 3) R
T EEAR L, I AR A2 B B e | AT AT )
T A AHLIE 8 ( human-in-the-loop , HITL ) fY 22
B RE A

VOQA AL 5552 1 & T3 HLEE 125 1 00 5 4 P
A — MR R I G TR VQA Bdn gk
(Antol %5 2015 ; Goyal 25,2017 ) B 5if JF F0 5 8% 01 11
R HE R X e 2 D BA PR Z L HEM
o 1 TR 4 B2 B i 3 R (Hudson 1 Manning,
2019; Johnson 4§, 2017a), CLEVR ( compositional

language and elementary visual reasoning diagnostics

dataset ) ZUHE£E ( Johnson 45 ,2017a) G146 T — &5 4T
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XF 5 IR I 20 G ) 3 65 MR AN 1 3 280
GO 12 TSR] M (i, 85 R BRI ) BriE 4, i
GOQA $424E (Hudson H1 Manning,2019) Il 4b B ELAF
TR 3 [A) R0 T 22 Ak ) A i AR ) LS R
LT Andreas 55 A (2016a) $2 i 19 NMN, £
FH e FERIN R0l 2 A e 2l SR BE R 45, AT
I PR OC 25 A B s A0 375 LU A= S e A sy, A8
Je AR LA Jey A P — /NP A3 B L 2 2 il — R
JEE RO 48 [l 25 A o [) 7, 0 25458 B I 2 ( dynamiic-
neural modular network, D-NMN ) ( Andreas %%,
2016b ) Je A 2R W 268 1) J5 22 TAE B 2] 1T iy
T 5 HN T H B 2R ) — g A Jay h e R 1
i J5r, Hu 58 A (2017) il Johnson 55 A (2017b) [F] A}
Fi HRE A Jey U 5] R A Ay e 9 3 I 81 1 2% 2 )
T AN SRS L 8 1) i A i A 2 AR Jey o 3 TR
RRUHER T LAFSEIN PO 46 A1 Jey | -804 1 5 A Rt 2
T EARZE B 0 7 ke v B i 2 ) 2R SR, (AR
TEXE M9 52, Johnson 55 A (2017b) 42 i /Y 151 B y
CLEVR %44 (Johnson %5 ,2017a) %31 1 4K 1Y
B EL AL AR {440 filter_rubber_material , & 7E
BRI P RE S SOAR S 4, MHEZ T Hu 58 A
(2017 ) 4 H 1) it 31 3 452 B 99 4% ((end-to-end module
networks, N2 NMNs) B8 3% i 7 — 20 3 F A, {71

-

AN HEE A, BT B B I AL T AR A
VERSCAZEL, 1 Hu 5 N (2018) Y J 28 TAF——
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Fig. 14  Overview of perceptual visual reasoning (PVR) model (Li et al. , 2019)
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Fig. 15 Neural symbolic reasoning for visual question answering( Yi et al. , 2018)
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