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Abstract: Recently, multi-modal learning is one of the important research fields of machine learning and data mining, and has a wide
range of practical applications, such as cross-media search, multi-language processing, auxiliary information click-through rate estimation,
etc. Traditional multi-modal learning methods usually use the consistency or complementarity among modalities to design corresponding
loss functions or regularization terms for joint training, thereby improving the single-modal and ensemble performance. However, in the
open environment, affected by factors such as data missing and noise, multi-modal data is imbalanced, specifically manifested as
insufficient or incomplete, resulting in “inconsistency modal feature representations” and “inconsistent modal alignment relationships”.
Direct use of traditional multi-modal methods will even degrade single-modal and ensemble performance. To solve these problems,
reliable multi-modal learning has been proposed and studied. This paper systematically summarizes and analyzes the progress made by

domestic and foreign scholars on reliable multi-modal research, and the challenges that future research may face.
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B S TR B A 1A R 5 55 AR AS RO [R) A A5 iR 55 A7 A 3 B M, 7 ) o b ) 3 B AR R [RS8 PR AL R, 3384 A
4.3.2.5 T 3.2.6 ¥ B AR A48

WA AL G5 2 RS 2 2] FROBLES B 55 ORI FH 00 45 8 I, BE ARG A s I 2 B HUMs . AR T % R 2R 8 2 )
T T KR B AT IR, T 0 RS AR T X 55 19 25 RS 55 1 40 PR . 0 S 7 Y o 22 A 0l R Ikt
FRADN B E, WE 7 B (DA LRk a8, A > 50 A A 2 B QR ARG T 47
P BRI 57 S e 2%

FRELEHEAERE 1Phone 23 S 4 A #f & K
FIEEREEY HENHETHLAY
B 7. 555 RIS — B 0 2500 B S RS B O BN 55 0 R R Ok

BESE 55 6 RAS— B 2 AR ASER, H AT BT 7T 7 i R B N 25 (D) Bk RS S S ik R R
A R A 1 2 S HR AT RSN ST, T IE SRS 28 8E.3.3.1 A 3.3.2 T AN 4H;(2)3E
SPAT 2 BEAS S 50 2R T 2 B R A AT R FH T TE — B AR RS R RS R B R, AT R B 3] L B
ASWEF.3.3.3 A 3.3.4 T EARAN 4.

3.2 HWRFEBEBAI—BHGE
3.2.1 MVAD

P P — B A S B AN B 1) AR il T S 8 s D0 e S () B 1) 2R il 38 3 BKOR) B 7 i 2 56 B (Dirichlet
process priors) A LAHE B B4 B 4 e ) & 1A 3E T SR AR R A S W 2 a1/ 9 TR 5 T 2 S FEARX
A S R

Stepl. ZliE &4 a~Gamma(a, b);
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Step2. XEEAFEAN =1,2,,N
(a) Z|EVES B EO,~Stick(y);
(b) MEAREFE) = 1,2, co: ZNH — Ak A F 2, ;~N (0, (ar)™1)
(c) MEHEAMME:d=12-,D
ZH — B 0] & 43 Wil spq ~Discrete(6,)
Z 1 — S W 7] B Xy g~ N (W Zs, o €~

©
OrOrO-Os1O0970

Bl 8. MVAD HE SR 12 5 37 ] FHNUE 56 I 28 10 A R A 0 A 25 R — 35057 3
HrrStick(y) /2 47 M 3 7 (stick-breaking)™®), o] LA I 2 Hoy gk A e 7 i 2 A T 4 AR i e e i) e R
V149 S I 0. ousHe =2 00 0 T I ) 2 T ) 8 e 95 308 4 1 A B 5 350 4 4 ) 3 O U A T e A e B AR TR A
BET] DUF F B PR 2 SR PR AE OG0 BT R S N — B R AR B8 R, T LLZ AL EM B AT DL ST 4
3.2.2 DRUMN

SCHR[3712E T IEACYI GRS R 2R — Fh & M L B 2 BB IR M4 DRUMN(Deep robust unsupervised
multi-modal network).f% 4t 5 T AA F K 22 A5 7 10 D VA A A A B - (L )R U R 5 TG € ELIE
SEANAR AN BE BE 2% S 1 AR & LA TS (2) S T T T A U, 1R A B A A AN H i 3G 2 T FR HOE K A g v B
& 7 @, DRUMN 25 [& [ 3 B [ 8 & B A SRS X A B Y R H e = 8 RBM(Restricted Boltzmann
Machine) P8 g HFAE 2 3] W4 2% B AR 78 A

r(f(x:6¢);6,) = x — VE(x; 0)

Ny
1
B 0) = 5 o = D[ = >
j=1
s.t. by =g(f(h-y)), L€ {1,-,L}
Horrr(f(x; 6); 60,) 2 E ST %%, E (x; 0) 7 B BEBERL N2 12 1941 g () R M2, £ () 12 0 7N 70 9 4 45 g
FO B A AR T A B B T e — [T 20 T S 50 B A5 A 5 b T AL 1 50 M 3 S 0

A BRI 5% 5B DRUMN  FI A R AR 78 3 AT 72 o B e 12 P 51 i S RE B 22 N RN RS RE AR 38 B
AL

wp = std™ (H)

2
var (E(Hfgl)(xik:ﬂ))

(I - 1)
Hor HET A i A REASE kAN (1R 85 51 var (A T B8 877 2, w0 T 58 1 AMFEAR S k MBI IAL
HLA WA BN A — M REAR I BRSS9 RALE T BLE SO

Stdf,fnf(H) = |var (EHF,;1 (s 9)) +
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2
var <CH(t._1. (xim, xin)>

var Hc1 (xim,xl-n)>+ |
H{gmm| =
(l’"l”)

Horh,CO)FR AR B, EBES A — B ARy ma R R UL R BRSO

K Nc+Ng 2
0 9 U Z Z ——tT(U;Lfm(me)fn(xL”)TUn) + Z Z w Xik = Tk (fk(xik))“):‘
frPrietk m#n i=1 k=1 i=1

s.t. UT, (% F Gegm) fon Ceim) T + rll) Uy =1

B4R DRUMN | F &4 24 10 B 4a i (auto-encoder) WX 4% 45 1) Ab B AR A5 8 R A A, [R) B F e AR Y 5 3 B
A TR A AL SRS A — BB AS 3 T R/ 2 RS S ORI R SR TR
3.2.3 ICo-training

50T R 55 RS AS Bl B 5 31, SCER[1611E BHAR S AN 78 43 45 44 T ,Co-training & A IER & 2 B AN 00 A5
FE 11 22 57 1 K, Co-training 7EAAE BN 78 0 W24 T AT SR B85 18 1 1) FH T bR B i 12 T2 > 2% 1 g, 7 32
HH— bk T KA Bg 5% 1Co-training:

Stepl. JGJEE ) TG iE H0H U IE RN Hu i) Edi b’

Step2. 43 Jilid FH B ANBEES X, Xo A i B8 I 2R > 22 2] 38 hy, hy;

Step3. FEAMEZS FH VI ZRIF (1 5 2] 3R AE U A S T AR 104 A TR Bk p A o5 BLAS (19 1IR3 Al A B ELAE ) A7
] B 12 Foe AT (AR A R L TR 26 K TR E R UK

Step4. Fx_bPhbric in 2L FE Il k.

ANHE I B A 5 2] 2% 1R e B AR AL, T E B BRE L R AR Ak Rtk SR [16] 33 — 2P B T 3 T IR AR TR R Y
ICo-training %75, A K BE £ = N:
s

—mp)(1 = W)

l+1

= YV Cl}C(Rv
o,y NILEAE, CE 1y NHBLR, = = max; R(hy).n N FRCHTEARICRE A S, mo ARG A R 3R, m;

FYHNERA R E AR, | T AP IR A S
3.2.4 ARM

(B R I7E R T30 € RAE S BPGEFEAR . Ik, SCHR[20]32 H T ARM(Auxiliary regularized machine) /i
15, B TE IR B BOR) B AS 2 2 250 Bh S A A5 AT B AU AR AR S B ARM. R 26 50 S 1R A A5 28 20 S s A s
GG AEAS P AR I 40 G 37 2% >0 35 T B 701 P it B2 %D T 3000 7R 5555 A5 285 %) 408 45 S B0 v 1 Y TV 1 ) T, e 81 i A
S M/EH . ARM BRI R R

. 2
FZL,Z‘,”F"ZHz + Altr(szLvlFVZ) + 1,

s.t. Yify,(xim2) 2 1, vie{1,2,-,N;}
Forn, £, R DR A 27 O 8%, X, 2 59 B8 R AR REL R, o 2 55 A58 285 1RO AR AIE TR S R RO A 440 TR o o i A 28 3R 47 468 1] Rl
23R SR ) SR SR AR A 7 R IR . 39 B A FUR A 11 U 451 2K B B (RT BB R L At T bR B0 TR, B R SRS
M 55 28 ) BSG FR IR T TE MU A T, L, o 95 A6 28 R E WIS i 4 36 14z 5 B B R i 000 H O AE T 15 99 25 R T R
%%ﬁ*ﬁ**ﬁl FEC ) SR A A B 59 A5 1 1 (B 45898 75, 1Co-training 1 ARM ZW% 1 38 XOEAR YN Gt 72 o 55 45
RE 2 DAL 2T A Y R 7 ) AT, 2 M 5 A28 PR A L 1 5.
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3.2.5 RMVC
BERTR TR P AR L RERE LS EMEGEMILR I, SCIR[40] 42 H T AT S 2B R K ik
RMVC(Reliable Multi-view Clustering), [ 3& & Hy 4 A~ [R5 166 58 288 25 B 2 =3 A0 B2 AN 3, 9 o KA e AR B A 2S 7E
RN B IS B &, DAL & 2 B 4R U R 28 1 M BB 127 V2 S0 3 2 00 1 B B A ) SR S R /R S
Y, € R™Kay, € RMKe (K, K, AT AN M2 ) 22 5
d2.(Y,Yp) = InYy = YY) |17

diz%:ﬁ'\%iﬁl,ﬂﬁiﬂf%ﬁl‘?%ﬁﬁE%"}(Misclassification Error distance dyg),dygXT N 5 e . 0] I d)z(z

I RROR H BRI IE T d52, RMVC R

) 2 2
max Znelgz ai(dy (Yo, ¥) — dy2(Y, Y1)
=1

Holrai B ATM = {a|17a = 1;a 2 0}, Y R IR AL RS TE R I L R dra (Yo, Vi) = mingcpey d52 (Y8, V), Y3 12
TS IR1G B BRRES RR G R YR IBAT m DS RBFIEIEN m DNRBE LY M T A RS RRE
b B SR LE BRI R d2a (Yo, V)T — T i 52 5 b 20 LS TR R R B T o T B8 KA — 22 (Y, V) A 24
TR m A B RISHIIE T 2] TG R A RIS RNY, % P AE OC, SCHR[401E B T F 4618 n s {1 58 26
SRBETY AR BI R ILE R 2T SRR,
3.2.6 CMML

X AT 45 SCHR[A114R T 2 B 2 845 5] )ik CMML(Comprehensive Multi-modal learning), 3
I 3 DB [ 3 R A B AN R AR R AN RS 25 S0 A L B, O 4t 22 e P R — B0 ol Ak
SRS B 1) EL AR AT B3 RN R 78 40 TR P i R R R

N M

L= )0 ) e

i=1j=1
H EL A AN A B 22 S S M R Il 4 _ h(ff(x{»
Jert fj R RSB 2 85, R AR N IRIZ ISy = o= — sy D)
B R() RSN T W 45 W 2R 2 A 4%

%2 5 PR ] AR OR

FoRE T ARG | AR

Com(F) = Z sim(f;, fj)

2 ciwiey 1
1sizj=M 1<i#j<M

1 ) :
sim(fi, f;) = NZIIXﬂCOS(ﬁ(xk):fj(x;}())
F = {f M _ BT A A 2] 8% costt cosine EI%L, Com(F) AT LAY SR8 245 ) EL A B b — Bk 7 87T LR
ok

Rs(F) = Hs(fi f7)

ZlSli]SM 1sizj<M

1
5(2 - cos(fi,f]-))z, |2 - cos(fl-,f]-)| <6
Hs(fi.f;) = 1
8|2 = cos(fi. ;)| — 552, otherwise

He(fi, ;)18 B Huber loss™ 1 4 J5 46 1T 77 153 5K B KL, AN T 28 AR 25 /S — SI0RE A% 7 488 K 1 B i A 282 £
AL R B i T



Mty ETRESEEFEAL 13

N M
rr}énz Z £(a;, 15, v) + Il + Com(F) + Rs(F)
i=1j=1
ZOTEAE BB SO E VR = AL, B 0& R0 R AN BRSSO R A R AT A Rl AT
B LR SRS AN Y 1887 s R 1Y) 55 AH O 1) R
33 SHIFFEREA—BMAE
33.1 PVC
TEAGAS B SR A% L T T B2 B A 1 22 RS 7 1, 0 25 e B A R I R AR B A A R R SRR X 2 &
KA RS B 5 NS G, SCHR[ 17132 T PVC(Partial view clustering) /7 v X 455 25 B 0 FE A BEAT SR 2%,
AN [F) T4 45 22 BEFS T VR AR 050 FE PR K AN [ AR 25 45 5% B[R] 4 B2 1 28 (B 3R OR, PVC 8T 022 S 7 B R 0K
WAE AR B 5 0] BB 1R SR 0 38 7 72 1), TR AR A A5 21 1) 7 25 ) R R AT SR 28

2
v
| PR
{uv,pv} 4 Xv e
=

s.t. UY>0, P">20

FoAp XP RN TS R (KR AR R XV R R B A B R (R AR R, PV = [Py PR T3 1) bR R
AR FE A AT R R B U RE 7 R T 2, PV 7 8 R R R R TR 7R 30 ), UV R A AR TR RS T 25 Al
(7 PR, || PV 3 7m HOAR B L DR L i 08l v LA R ON:P = [P PY; P2 R PRI LB H2 2K7E PVC H,
N EPY; P2 —BU AL E TR B R A RE AR R IR P AB A5 32, M 7 VE AR I b X 25 5k 2 P A 9 0 552 B 8 1E AX
LR TR IS T F R R R BG5S R [ R R0 — 8t
332 SLIM

2 JE ) F X 57 10 TG B 2 A AR AR (E R Bl B R B AT 22 S0 SCER[42] 4R R IR B 2 LA B S U
SLIM(Semi-supervised learning with incomplete modalities).SLIM A5 R Ht 1) F 2504 Tl (1098 75 — 2, 1 T
U S 4 35 A5 TR AH ALt S K, AT 7E 48 — IAE B2 O B AN RS 27 =) BRIy 2% S B8 A R A e AR AR 1 SR 2
2 2] 2% 1 AT DA I R AT 23 AN B RAT 5

+ APl

K
. 1 A A,
erglgﬁF;E I£Wic + 10T © P F © Pellf + 5 Wl + 2 [IRa (M) — Ra(YY D],

o, Wy, € RUXCIRLNE 22 5] 83,by € RO LT UM A 22,1 2 — D& 1 W, QR /m X B 7C 3R 1 i e 5
TP € RV¥C RARTRIEFE P [Pe];, = 1FRSE | DnPlis k M L2 8, B[P, = 0£ 20T .x
HIbREE Y 3 —A> C 4ER I, H yy = TRORES | DnBIOR S j IARZE, Iy, ; = 0;28 1Lt F € RV*C3RoR
JI A 7 0 0 T A A0, mi 2 B kS B0 T8 BERE A 0 A B My € RV B ko AN IR A AL R AR B
[Ro(M)];j = [Myl; ;7R85 i MFEARIE j AN FEAS A SR k MRS 768, 75 Wy 0.3 rp 88 = Itk — 5 % Al SF 77 iR 43
R B HOACER T R o B i) R v A, D W R (K S I e 5 2, BEITAE A T — AN A I U Ak B e R

2, H R RS AL : BT AT A 3o 25 18 Py A 25 A [ W 7 7K SRR i B MRS

NillRo(M)— Ra(YY DI
B 2%, SLIM ) FIBLES 1) — B S b 2 8BRS B 2 (1A ALL 1 6 5, DT 3K A58 78 — S0 T30 FE B F.
3.3.3 DeVise
Bl X 55 25 S 5 o0 e B Ok I A, SC MR [18] 32— B E &k X4 Bh % 3 J5 ¥k DeVise(deep visual-semantic
embedding model). H A4t DeVise 7E I 5 ] A 5 B e Bl ALl A ST AR B 25 (1) 57 SRORE AN K3 — 70 20 5% 2K ek 405 B
P I 55 I 245 )11 22, ) D S A A B S A ) AR A MR N B P P 44 /N 218 P P 0 O SIS ) B 2 e 4 T ) P S A A
AFEATG T I ZREHE, N T 080 B I e AR i e Bk A
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f(image, label) = Z max [0, margin — ejgpeiMeimage + rextMeimagel
j#label

Horh margin & AN E LR B8 5 5L, e1gper 2 5 108 [ 1E LR IR, eimage 1 BN IR AE RN 3R R M 2 S 46
B o 78 SCABL A IO RF AR 2R 708 B A5V R, % 7 1200 7 B [ (R 6] 55 S 3K, SUR FH AR e — B BEAT R A Bk 0k, i
P T3 SR AEAT 55 T 0 T 1) 5 285 8 A 0f 55 F) 5 AL G 3R S5 A 55 T R L.
334 SCML

G S A X 5 SRR T I B AR S AR R 1), SC Ak [43 13 E SCML(Sequential cross-modal learning),1% 77 ¥
HE T LA B 1) P AR G507 AT 2 B B RL I 5 I 5 38 1T M) ) 3 S A8 B s 4 o A S T A — SR
fIEZR K.

Loss Layer Loss Layer Loss Layer Loss Layer
1 1 A {Vg, Loss}
1 L
1 1 M(p
& ]
- [> '\\ E> /‘\
©
Plug P1 Plug P2 Plug P1 Plug P2 Plug P1 Plug P2 Plug P1 Plug P2
*
D(“ D(Z) Dulmemorv D(l)meta~train Dtllmem‘lﬂf th}
e (o) AR (o) BT zeN S

P 9. SCML HE 421 32 07 v 56 - S 0SS 84 34k 47 ) A I 5, 30 ol 0 3 S A 780 1 R B SR A A )
TELE — SRR RN

Wik 9 BN, SCML 1 56 Il ZR B A B Y P 1(S) AN LA AL S, 7 [A] 8 He LAY S I 2R B A B2 P2, b A5 ]
SE S BERTIE S XF P1 & RN 1) i8S i 0GR A > &1 P1 AL P2 BB I 20 5 ) 2% MLILE R R T R L
SIEETH AL S, HE— B IR AF IR — BUE SRR (EAE R, SCML Il 45 3% A5 A (5 45 35 LG T M e AN R %
X — JE %, DU 3R AT A A 9 E — B0 WIS DG K, LI S AN S A AR 31 (T BB G 6, BRIk 1% 7 V2 7E NDICG H b
PEBERLIF, T Rank $5 45 PEAE R 2.
3.4 it

ARAT BT R A 2 A AR BB I T SR 2 AR ) R B R A R OR RIS A — B ik
= B2 AT A RS (1 R — U, 3 2 PR R P R A R IS R AT A B 2 50T B RS X 5 ORI AN —
B 5 v 32 B G ] % AR RS A 2 ) 5 T, S R w2 A T TR ) DR R R 2 1) v A B MR e 2% 5] 9F
) FHASE 25 1) 78 7F — B30 SR I, b i SR I AEL H A5G 1 2 PR AT 15 MR e (OB A 78 43 1 B . AT 9 5 A5
AT IR B (1 BE B S 0 iR e, B2 K 22 8005 1 =) PR T PR 20 ] 58 2k 7 WS (S 78 40 1k
I JEE B B 20K FEE PO A S ) RS AS AN 78 40 ME A AR B 905 () B2 R R s A P 0 T A S (R 2 i) RS %o
FE A RARASAAE Sy SRS AL B, 3004 ) PR A AR 6 i 2R IO A5 6 5 2R RS AAS JEAT 8 R A A R i 705 3) AR~ AT
ZARAS 3] H AT SRS SC IR B G (1 7 v K 2 R 8 R SO VR A A TR AR b 5k 5 B AT X 5
WAL /A AL,

4 HEFRIE

DR S S AR 2 B R TE I A 1 2 SRR A% Gt 2 B 2 2 51 U7 VR T 1) S AN B 2 B S M
o B RE IR AL L AR T Sk B, R 45 TS AR B 59 A — BURVBE S X0 55 R BRI AN — B il /L.
UE AT E 22 B 2 ST AR A0 S T A Bl 10 R 5 2 B 2 ) R BB TR Gt B S 2 o) RO EAL R 4
BB AE AR KRBT FE A SO A IEAFAE IR JLT5 TP (1) 8 X R A — BUR TR YR RIE 78 H BT I 7 VE R 2 )RR



Wt FTESRES )4 15

BT B A HVRFAE RN EAT AN — BUH B K B A B R = 2% 18 SR A8 ) A — S50 B 3R R X 4
c.uE’JT B AT R 22 7 91 27 >0 40K P 220 0 45 MRS R AR O 46 5 1 W BB R AR RS A — A BRI
HF 0 A SR Rl (0 ISP A B (2) B X SRIBRAS — BUR B ORI 27 31 H AT 5 95 K 22 30 A J e X5 12 AR AR 0
S ST AR T AT RE SN IS 1 R A, ey R P 20 B RS 5 2 R A e e A ) ) i S b 5, 5 R AT AT
Fi8 225 6 X A 2 o O PR AR R 2% 3k — B N GRAEAS 0E T Q) B A A T I 2B 2 2 AT B RS I K2 2
A 1, R4S 5E I R DI ZRAS R I 8 0 K B 30, 17 B S 24 355 2 3h A AR AL 1), it s oA A A2 4 . R AE S )
TG A8 [ L, g AT 1 2 RS 2 2D T R BB AN AR T AR AT AL
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