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ABSTRACT “Big data” is always collected from different resources that have different data structures. With the rapid development of
information technologies, current precious data resources are characteristic of multimodes. As a result, based on classical machine
learning strategies, multi-modal learning has become a valuable research topic, enabling computers to process and understand “ big
data”. The cognitive processes of humans involve perception through different sense organs. Signals from eyes, ears, the nose, and hands
(tactile sense) constitute a person’s understanding of a special scene or the world as a whole. It reasonable to believe that multi-modal
methods involving a higher ability to process complex heterogeneous data can further promote the progress of information technologies.
The concepts of multimodality stemmed from psychology and pedagogy from hundreds of years ago and have been popular in computer
science during the past decade. In contrast to the concept of “media”, a “mode” is a more fine-grained concept that is associated with a
typical data source or data form. The effective utilization of multi-modal data can aid a computer understand a specific environment in a
more holistic way. In this context, we first introduced the definition and main tasks of multi-modal learning. Based on this information,
the mechanism and origin of multi-modal machine learning were then briefly introduced. Subsequently, statistical learning methods and
deep learning methods for multi-modal tasks were comprehensively summarized. We also introduced the main styles of data fusion in
multi-modal perception tasks, including feature representation, shared mapping, and co-training. Additionally, novel adversarial learning

strategies for cross-modal matching or generation were reviewed. The main methods for multi-modal learning were outlined in this paper
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with a focus on future research issues in this field.

KEY WORDS multi-modal learning; statistical learning; deep learning; adversarial learning; feature representation

RTELNTUHT 4 22, RS A AR S A B8
IR 7 2 AN AR G e iy, LA E SCRil & AN [Al
WA M FRIBIE G BRTTEL 20 a2 DOk, X
— WO S K )T T EE A
TR U, AR, F IR A TR L ARG R 2
BRI AE M 7 5t b RIS BN K, 2SS
SRR S B BT R Y 32 2B

NN Rt 2R . AR b 5
AT BT IR A 1 BE DR Ml A2 L L W e 2 IR
B S AR, BRI LR AT f A Ak BRI S
fift. Z2RASHLAT o > 7k B I AR B
B ACEE A T 2SN ME S AL,
T T 2N ) R IR R . SR IR
WRBHEIE S, ALE G T MBS
Ttk RS D 0Tk 53 A O ik

1 ZEEFINEX EXREFSLRITE

1.1 SEFFEINEX

AL F R T OH Y E 37 K% O'Halloran
PR X, BT IEIE . Rl IR Z
R (Multi-media) 48 0] 432 X, “BS” & —A>
TRy HORL B () ME A, (A — A TR AT AR AE AN ] A
AU MR R UL, “ 2R TR LU A K.

(1) #53R [A]— X G 1) 22 AR A . 2 B 356 1Y) B
S B SR SED O O E Y TN ES N 72 & AN N

FE R K1 Ry SR ZECE(E BB

(2) 2k H A A A% 8 g 1 [a] — S IR B dls . an =
2SR AN TR RS A 1 A I A 1 AR BB
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Fig.1 Multimodal data for a “snow” scene (images, sound and text)
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TAEFEARNG T OCE. FE L, B 78 1909 4F, e
B2 % Mercer BVHE T H 85 2 A9 Mercer & P, HJ
FEAN 2 TE 22 1Y) bR R T A A% R B, BE 8 T KA
25 R B FEARCY. 7E Mercer 22 B SR T,
2T R EEE K Aronszajn i — 0 K& T A A
IRARRE 2 (A B, (L RB 08 9k 51 A B4 U 4E
%EF‘[}S].

2% 27 2 7k A (RS2 ) A0 A s P e B



MR M85 R ) U5 ik ERik

- 561 -

-

.

Kernel 1
Integrated
) . =) Kernel =) Outputs
Kernel 2

It snowed in the
evening. Flakes of
snow were drifting @ ﬁ
down. If you walked
in the snow, you can

hear a creaking

sound. Kernel 3

2Rt

Al 2

Fig.2 Multi-kernel learning
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FE, TE S B[R] B AT B 3 N — 2 I fE B . 3¢
Bk [40] $2 iR “ A G 0 O i iz ) @, R
VA [] 00 A B A, ) S — 1 g 0 1% R A
SRy BT ) A I 8 B A 5 A SR B AT 55 . SOk [41]
Fa tE T — ol e B ) eR S, O SR TR E R R 1
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FEOLACTE XA S BT LA +E.

22 BB XMES

HL 7Y A7 5P 73 Hr (Canonical correlation analysis,
CCA) & —F BT Z MRt = th Bk, |
Hotelling F 1935 4F £ 1 ), 3f: t Cooley F1 Lohnes
Hesh & M. 2RISR, CCA 9 1Z Huh H
T B2 P ANB S AR B ] AR DGR AE, IR AE TR
R AT REOR TR X AR SC A

CCA LA T2 — R R AL MU, SR CCA

Xof 52 2% 1 AR 2 M 22 S AR B R AT 1006 T B AL AR
EBFE. 16 CCA MALRE I, Akaho #2111 T 507
85 A B AR 26 1 (9 Kernel CCA B34 ™). CCA Y
HoAth it I 2k A ) 53] i YRR 5C 43 #r ( Discrimi-
nant canonical correlation analysis, DCCA )™ #f i i
K 5 43 M7 ( Sparse discriminant canonical correlation
analysis, SCCA ) &7,

23 HEFTEES]

TE 5 21 s )b, 2 I8 B B ny A
K. X T IEZE R RFIE R R, AN Rk IR A R R
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WE 3 .

e - A Ay o) n] ol e 4R 1 O XL, B
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Xof T S B T AR R AT AT R | 7 R S 1,
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P22 > i Fh =2 o5 1] 2 2] T i AR,
TGt 2 1Y 23 (A 45 1 8 XM X
B DA 3R R B 2k ) i ST 55, X T A AR
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SCHR [53] A0[RI kb lcidt 1 2 B AL bR
B, DT HE R A A b A BRPE S 5 1R SR A — 3K
PEAS B s SCHR [54] B S35 1) 52 LA B2 e KBk
( Expectation maximization, EM) #H 4% & & i Co-EM
Bk, T 2RSS Bt fig; SR [55] 78 Co-EM 1Y
Feqih it —2E5] A F8h2% > (Active learning) 5 B,
e TR

3 BRESREFIFE

FEAS B A 25 I 48 A5 Y (3 )2 25 44 ) AT R U 44 Sy
—FPRRIR B et 2R 2 Tk AR T SRR ] ALY
B 375 R A% Wl S50 Bz Ak ) JBE, A4 28 ) 4% 45 g L 42
R P ARG M e 55 CITE PRS0 B X480 5 Bis o3 A
FUEE. 28 X 2 R R B 5 2T AR IR, J5 3 2 Xk
TR BE i 28 ) 4% 58 ML 2 20 AT 55 1 &5 R BIL A 22 )
ITERIARAS . UTAER, TREE S ) i ik B UM HESh A
THEBEARNFELE JE. RIZRKT 1ML
BIVAT 9k B A U 25 I 25, i L A R A 25 TR 4%
FEFRIAG 5 R 22 X 2% ( Convolutional neural networks,
CNN) PO 7% 24 14 25 R 4% ( Recurrent neural networks,
RNN) P ¥ {5 & W 4% ( Deep belief networks,
DBN) P¥ &5 TR 25 o B & JR ST ARG 2E 2T 1)
mEERZ b, 1558 T A& J 0 B R B AR R
BT REMEIE TR, DL A8 K 5 E ERE T
B A5 T gt IO TR AR 2
FEAE B BRI, B 2% > BE R AT L A 3h b AE 208 b
27 2 RRAE F N, DT RE W% X T 1 B i A7 AL PR, 7E
— i AR L S M B v ML AR 2 ) R
3.1 HRMEME S E G E

Lécun T 1998 4F #2128 45 FHUPH 28 R0 2% 1)
4fEJE LeNet, Jff Hw H T F 5 F /737 50 4
X CNN Yl 45 3o 72 v i) 3 #8104 ) #2, Srivastava &5
$2 1 T Dropout J5 %, Rl 7E M 2% 45 #4 v L — 22 A
RO B S 25 ST I R UL xR Oy ik
AlexNet!') f7. 7 AlexNet Z )5, 2k T B CNN 45
Fa) AN Wkl B ImageNet FE 43251910 5. AR
241 VGG (Visual geometry group)™”! %% 1 Google
/5 A) B Inception™ FR B LAY, 7EHE I CNN W 2% )2
B R T TR 2 8 0B B A5 8, DT R
KRS8, el %l . M Fr
ResNet" #5018 5| A 5% 22 2544, A R0 o 1T 4 B3
Jen) . AE ER 25 Z AN i B LA AT 55

CNN [A] £ HUAS 708 T 20 3 45 A 3 7 1k g 5028
B FrAa il (Object detection) 413K [ Yolo( You only
look once ) #7499 {F Y 43 (Semantic segmentation)
40135 ) FCNN( Fully convolutional networks ) #& %4 1]
. AIMINR, CNN FH o i 2 =X 5 6% 45 i b
X R A S R AE 4T 2 s R AL B

PR, X F SCAE G, CNN LA B M ok 1
fig. SCHR [62] K F CNN XL SCA #4743 26, 7E4R
UE R 5K B A (W) I 4 i A 2 . SR [63] 42
BT F 9 TR BE 4 BRUE S p B, >R A6 R4S
A R AR R, FMEE T IRIZ b, 3¢
ik [64] HH R FH CNN X i) 147 A, K X A
fEi RS E S T e U
32 BINHEMEZEEBRIESER

ARk, A ARTE F AL BRI 5T A TIETE
MG Tt 25 2] ik I TR B A 2 Ty i e A A
) TR BB SCAS A B ASE AU BIDAIG BF A 28 1) 2% (Recurrent
neural network, RNN) 4t #4557 2% 28 ¥ 5 T 52 45 F)
IR K2 Bengio 45T 2003 445 H 1 #2817 75 #8010,
PREETE F R SEI TR SRR LT 1A Y
] Ak R . 3 S0k [65] 07 &, C&W ] [ 42 1),
Word2Vec ] [i] 1t 17 45 SCA FROR BRI AR 4B 42

P2 T AR I 4 Bl SO B Ak Sy B 1Y) )
HAUCH AT RE, O B ETAREE A 2R E F AR5 E
. AHAR 4RI, SUER [65] & [67] ISR
FoR B2 2 TR RO R E A, A E A
Tl A 55 WL JC MR B T BR B SR RN P
3, FE A R TR 2 0 R 28 N 45 B A 2 > BB
ITHEH8 34T

FEMR 28 F R LR I, K i TR B M 8
I 26 238 14 Bl ok RO — 20 0 T B AR IE AL ST
%5, W RNNP LTSM V4 177 |y W 1 T SCAR 43
FIOT SR PN P SRR 5. BT RNN RIS H (A
22 TP HIREA O TR i 20 (R B A B R,
RNN Z5 4 7EHL A% B3 . XT3 A 8055 1 91 4 A M Iy
G A A 5 DL 5 ol 28 1 U0 RNIN Y 32 28
P 2 A LSTM A1 GRU( Gated recurrent unit) ',
X LB AR RTE RNN AN T RRIR A 117 4544 o H)
W75 5L 1R P 1L, A T ASE B0 N 288 O ki 1 3242 3t R
W FE. 7E LSTM Ak b, AU JE 2 BILSTM™,
T Attention A BiLSTMU #H 4% 4 #2 1. AR T
25 ML i) RNNET, LSTM™ F1 GRUTY A] LA 51 A5 4
X P40 AT 5SS T R A 1 SRR O &R
A BARE R RIEE T, RNN S50 76 H AR5 5 L4k
TUIAE 55 i & 528 T ROk S iy TR N, i
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55 49 LSTM+CRF, i i LSTM 2 IR J
fiF, FH <14 B8 #L 3% ( Conditional random field, CRF)
B AT SCA P 9 b i 2,

BEAN, RNN A GRAR ff- 1 Ak B B 1] 7 470 58, D
X BB AR 2 TR 47 43 B $000 U4, FE o R SR,
RNN &5 0 0 i 3 22— 2 B B B 6%
0 1l Ab R PG AR TS A AT AT 55
33 HEZSESHENREZS

It SO, TR TR B 2 S B LA
U i) S AR TE . ZAASTREE 2% ) IR T Ngiam
85k 2T ICML 2011 (¥ {Multimodal Deep Learning ),
SCH B R R Ry A v AR A (T i) AN RS A
A A 0 TR B 2 ) B D)3 JR 2% 2 ML (Restricted
boltzmann machine, RBM) iy HE A 5151, 38 i X A4
EOAEE T gt B R L 2 ) REL AL, S
X Bk | B R P

EARSK, CA TR 2 5 A 2 B TR 2
Tk e B . A0SR [76] 7E 2% 2 L LT L
R, RIFEXT N SR 4727 2 il NP ] R -] 7
P 25 22 8] B B SR O 2R, T K T8 1 o 18 X6 2 A
T S AR U E Rk, A X B R SR B E A A
B AT 55, 2 i 2 >0 B3] R0 40 R BE A5 IX 3k 2 [a] 1)
KR, TEHEM EA s a7, X — ik T
X} Image-Caption T 55 f Il 25 B A5 11 575 5K, BV A1)
TR B SCHR [77] 454 LSTM [R5k, #4
TR X 22 iR IR SO PN 25 5 AT 2L AT A R 1)
TR P 25 TN 245 HE 28, S0 A0 5 T 1) 178) SCAS 6 38
SCHR [78] 31T CNN-LSTM Y5 A 2 A% % X 510408 10F
A7 g At 3E 10 R FH HE 35 2k (Pairwise ranking loss)
PR ESORT B BE HEAT YN 2. SCHk [79] 1R % T e 3L T
RNN (% HL %% B3 A 55 b i BF 58 38 ), A CNN &
& RNNFE R B i g 2% . FE i TR R HE B2 Y [H]
B, 32 SR $ T 15 20 A OC 40 775 1 1A i A R A 5K
SCHR [80] &3t T 56 T &l 1 9 ] 225 55 18, 2 A U g
% AR 4l CNN s bt 1) (&1 5 F ) R4 5, A= s T A 1)
[ REAA2Z8. SCHR [81] B RS TR ] CNN #E AU 1Y
HETHNENE KRR, I8 T IRE SR A
25 ) 48 Xk v AT SCRRAE A 3R RE 1. SCk [82]
MR Z B IR B 2R S HERR, Sl i i i 24> LSTM
LR AL R By S ). SCHR [83] $R i — AP 2 AR
AT M BHLAR B PE T, SR AR AR TR — N A K]
AR ESTE RN, SEIE SO N SRl A STk [84]
K B Ak 2% 2 1 T B SCAR AL 3 ¢ i A7 DT
B, AT A 20725 3k e S R A7 4R

4 BREMMEIFTE

PERRIE R 5 S BASE UR ZBSF  E
WAL S5, B 2R S 28, i T AT L
TEA RIS AL AR, AR, JE T X2k
W 1 3L F5 2 2 R US T R TR 2 ik
M PERE. BRI AE BT 55 A B T8 1 S8 I 2
AN 5, [ BE A% B8 1 AR A RIS A 1) i 47 i
% . VLIS BHPEAY AE

He % % BT M 4% ( Generative adversarial networks,
GAN) [EAHES H Goodfellow 5T 2014 4F4EH™),
ZHESE B A B TSR ) S5 A A
G( Generator) A1 ) 5l #8 D( Discriminator) 4 i%, . X
GAN A  H N 2R F 2 HARTE T8 — 45
PEREM G 5 D, {1 G REE A W E 08 FL S A FEAR, 1
D WIRE e X LU EL B IR AR 4T X 43, GAN By
[[lp iy N W PO B =B I RE A = U D

SCHk [86] FHEEH A DCGAN J7345 CNN 254 Al
GAN 256, I Xiae > s R B A a1, 753
ik [87] "', Wasserstein [ 2§ 5| AKE R A ML) KL
HUE (Kullback—Leibler divergence), % 7 20 Al A4
i GAN Yl it F b iy “ B i, B RB AR AR
A PRELE A ad ). SCHER [88] W48 i CGAN #4
A, 7E GAN S5k h &5 & 45 A8 o, X — &4 AT LA
JEARGIFREE, AT DU B RBLSAEA B n] i fh 3R0R .
41 EFRMEINBESIBSEIEN

ER2F ) SRR 2= S B RO, iR R
2, HoR RS B AR HE S R IB TR L .
VI P0 S © 2 > B A 0 U5 5 Te) A, H A el ) A
it R AT RS 5 2 Uy e AT A 38 ) A BORT [
AL eSS D, AR RO A T L A5 R
EASAE R UR R, K B s B TR A A BRI B AE R
H Fr k.

K H GAN B X9t 2 > 38038 b (B BEAS 43 25
VEBL) 77 ¥k e LA T4 AN B B g, 3
Mk [89] 45 HY T R FH GAN &5 #4) b B i85 455 285 3l 5 o7
[m] [ fY) 3 A 5 ) ADDA ( Adversarial discriminative
domain adaptation). 7F ADDA 1, P4~ A 4 25 A9
B 30 25 th CNN Zfilh. 15125 D XHIESR H bR
BT FN, AT > 1 B BE S X 5 H AR
PSSR B R AIE , DA T RE 545 TR (BB A) 19 70 2R 88 L
HF B (A B). FEIbHEAn b, STk [90] &3t T
XL GAN 2545 it — 20 A 3l v PR e SCHR [91].
[92] #1xF HARBUAYZE 0, B3t T 24 A -2 B
JG, HA 0 AT B RS RS . SCHR [93] SR
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FH B O X 55 10 T B, 54k X T 2% 2] v BB AS RRAE
X5 R
42 EFXMFINBESER

M A& O Halloran FIF 45 HY A 40 7 B A 25 K1) 40 14,
RS A L B R — IR A i, < IR —C
A R SCAR— IR A i =AY AT 55

75 H G 3 BR B A 2 AT 55 (Can 'R XL
IR . R R o PR E ) 1, GAN 2 5 o i)
(7716 Z—. SCHRK [94] B LAPGAN 534k H$ir
TP A IR AR, DB IR TR 2 REE R
A XL 2 20 A s B L . SCHR [95]
HH ) SAGAN K¢ H SR 18 & Ab PR AL 1) Attention #L
HIPT 5] A GAN B8, G FH T B R i & mE
SRS . SOk [97] 42 H SNGAN, R %3
O W 28 S B4 T I3 — 4k, DT BE % A RUJE B A
JE, R GAN P fLPERE . SCHk [98] H 3
BigGAN & J1] ResNet Sy ##1E £2 Bt 2%, DL & F 26 5
FR&ANE R 25 A, 283 7F TmageNet I (1) K &)l
2k, RetE BUS I O i By S i I . BT XA
I WAS 2% 05 1A pix2pix™ | CycleGAN!'™)
StarGAN!""!, MUNIT!" 2 pix2pix™” ) CGAN H
Fenlh, ¥ HARFEAAE I S48 6, B A\ 45 GAN B
B[] SR AT ek B9 ONIN R I 26 7 A 18 (U-
Net'”!). CycleGAN!"" 2 HIfE PRI 255 45, 1 56k
FHXF 4027 2 76 B AR BAE A RSN 45 . B An ik
R 0 1, e 5 F% B  adk— 20 AR d 3 YR 3, A
W—MEE. X FIERR 207 XA T R
YIZRAE A, R 0% 52 30 A &Y 55 W B I A 2B .
StarGAN!""" 7 CycleGAN (1) J&fill b &1 X} 2 4~ AN [H]
() AT S A, A S 0 AR 2 R AT
B, LI A BB Y. MUNIT! 5|
A ResNet H11{)5% 22481k (Residual blocks), it T &
R 15 b ) G B i RS 2, X R R P2 R XU
AT G R S, S B0 TG W B B R S PR AR A

75 R UG A SR AT 55 (Can RS T8 SUAR T )
H, CGAN W2 IA W 7 ik, 2 KR R & AE
J1 GAN B &1, 48 55 B R Bn 28 1) 1) o A i Y,
T SCARBE B 80750, 78 B EE LAY L
A LA IR PE A o H AR B BHREE SObR AR 55 L 2
TAHLAE ) ) 24 4F 55 B, RNN, GRU, LSTM % 45 4
A SCAR G5 /i 2%, IF BB UL T GAN
() 24 SO0 oy MR B IR AE 3.3 W AT T
fRT B 1A 4.

FR A SCAS B 1 R 2 258 R T 00 1) B A A
[F) AT, 0 2 d T JLAT v X e 27 2J 453 9 F 58 4R A

SCHK [107] " B9 GAN-CLS #5574 2 HLAF FF A1 /9 T
YE 2 —, % SCRH 4000 B 10 5 25 15 B U1 2k RS 4
T8 1 SCAS G it 2, 12 v B R 285 i L %) A Sk, [+
BF R FH O T 22 (8 00 Ak 55 M, A 5 R 9 A 8K
A E A, SCHER [108]. [109] H 48 H Y
StackGAN % %1 45 A1 | > F P4 i B 1 A B 12 2E
WA ER RN E R, oA s S SRR A —
H AL R . B EAME B R E A,
e SE A bt — 20 A SR ER L AR Y B A
FEAS, W By B A8 Bl B 2 A B SCAR i iR Sy 2%
4. SCHER [110] WSR2 AL A= 07 25, &
SRR SCAS A A B G 0 i AU, 1 T 3 g R
BAN N, SCHR [111] Y AttnGAN BE— 20 R H]
& 1AL (Attention ) 398 B SC A #6525 w6 4115 1
B, Z&M Z 41 Attention FINTHL5 2, fK K A= A%
BE. SBRERNE R

5 #it5RE

RBHE T 57 T, 288 B8 X 7] — X 42 A4 4t
WA N WA . WAETE L — B FE R A
[7) (85 2 200 ) 3 38 X G A B — 5 A T Y
PR BEFE LA T BRI K, A 5 2] U
AT 50 PR 2 i DA 28 ML 8 8 T 25 2] O 1k e A% B IR
JESE A Tk, X TR, CNN 2 M o8 fie i
RV RFIE 2 7R T7 1 3T SCARBES A o6 L 2RIy
5 FINAT: 55, LSTM -t 12 7 JAC A 5 [ R Y, B
FFERHLAL. T BT T B G A 5 1 A5 AT 55
oy ZHAE.

Xt T 2R 5 2 07 Wk BB AT LU LA JLAS
J7 1 i — 20 T (1) XA RS AU REA 4T 5y
K A AL AR E 27, 2 B 2500 B 2 LIRS, 4
S EL A A B O S B YRR SR R R 5 (2) IR
SRR R BRI, AF 5T 55 W . 0 Y 2
A2 I s BRI, XHes > 07 kR AT Y
fRRTT R Z —5 )BT BB R S HE 2, —
7 T 2 20 B AN TR) 9 B3 12 DA IBCT S 8 S5 0 50 0
S50, 3 — 07 I R BRI 5 48 T 0 2 B S
(Rl G5 (4) FFFERIOCR 3 o FL5E | PRRE SN AR E /Y
PR AR T 55 (5) 75 5 DAt FH U0k 1) e
GO, BT X E B 5 5 (AN 5% ) 51
BRI AT il R T 5.
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