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Abstract: Multimodal emotion recognition aims to recognize human emotional states through different modalities
related to human emotion expression such as audio, vision, text, etc. This topic is of great importance in the fields of
human-computer interaction, artificial intelligence, affective computing, etc., and has attracted much attention. In
view of the great success of deep learning methods developed in recent years in various tasks, a variety of deep
neural networks have been used to learn high-level emotional feature representations for multimodal emotion recog-
nition. In order to systematically summarize the research advance of deep learning methods in the field of multi-
modal emotion recognition, this paper aims to present comprehensive analysis and summarization on recent multi-
modal emotion recognition literatures based on deep learning. First, the general framework of multimodal emotion
recognition is given, and the commonly used multimodal emotional dataset is introduced. Then, the principle of
representative deep learning techniques and its advance in recent years are briefly reviewed. Subsequently, this

paper focuses on the advance of two key steps in multimodal emotion recognition: emotional feature extraction
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methods related to audio, vision, text, etc., including hand-crafted feature extraction and deep feature extraction; multi-

modal information fusion strategies integrating different modalities. Finally, the challenges and opportunities in this

field are analyzed, and the future development direction is pointed out.
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Fig.1  Framework of multimodal emotion recognition
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SCRNN) , fif Bl 45 P B R0 3 H % 4, A T =1 1)
J7 9B rh A A C R

3 AFHERE

W LG | SCAS 2 BRI A DL ) = A
Ao BT SE L SCASE 0 BT SR U 2
BN R BIE 55 19— B R, AR R e 2
FASTA], AT DL T TARE R EE R AE P RIS . T
TP XRS5 SE L SCAR = A S A5 B 43 31 iR T
TR AR BRI 3 A 1 2 B A Y T
3.1 i R A

TR R SR 3 3 A 7 SRR M A
MG S o T8I R E B2 U D 18 5 18 B A
BEEARA) — A B R o 15 N B E 20 8K
JE U T 08 A SRR 030 o PR B 2 ) 4 R A5 5
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AT B T 1 IR
3.0 T Ll &R AE

WA T A Shif &5 B i o 1 R
F T HIE AR )Z K A (low-1evel descriptors, LLD)
FRAE , Qs AR AR (FE00 L Rt ) & B RRAE (LR 05 |
FEOE S H0) R AE (P T 5] 35 2R £X (linear pre-
dictive cepstral coefficient, LPCC) ,Mel S5 % 5] i 22 %4
(Mel-frequency cepstral coefficients, MFCC ) ) 25

Liscombe 44U T — FR 51 I T3 J5 1 ik i
TRV T A AR 1) % 2 TR RRAE, O VPAS TS & A
JEI R AR o Yacoub S5 HRHUT 37 I A1, 1
v e (CHEAST) e B (RE ) RN B (AT W R 22 1] )
B i R R Y A N S T s N G L =
PRI AE TR I B 2 25 3 o Schmitt 5
fd H Hi MFCC F1BE AR A 3 47 (LLD ) B 2 1) 5 4t
4% (bag-of-audio-words , BOAW ) J5 i A A HR1IE [a] 1
18] A4 SZ £ 1] & 1] 15 (support vector regression,
SVR ) o T il e gt FIAKAN AR BE o Nk K AT R TN
R AE A 2 (915 5, A AT 35 Pl AR AiE T LLD REAE 53
Sl A B RGHE T8 A B TG A N 4%

Luengo &7 MG &5 5 e s 22 2 80 B 1
SRFIE R DGR AR A BT RRAE . XA S 4L
FZH G FRAE ST 58 5047, TE S B0 (R R G ) Fn
SRR G R E IR T AR S HRANA S,
) ) 33X SO AR A 1 SRR v AN [ 1 i
3.2 WG SN AT AE

VAR TR B 27 2 HOR T2 W ] T 1 1 R
AT 55, T R B I SRR AR SR . R DL Ay
Tl RGN B IR EE 5 ) J7 A7 CNN L DBN
RNN 4§,

Dutta 55748 Hi 1 — 3 26 5 300 20 #5 (linear
predictive coding, LPC) Fll MFCC [ if ¥ 15 51 5 74
LPC Il MFCC $§iF i P R A ] 79 RNN ) 2% 3547 12
B, TR BT B AR

Mao &7 H TR CNN R 18 5 175 B 1)
FRIEFEH . CNNAT AN 2] B Be - 7256 — B B, 1
RBRICHEA I 3 — PR i 30 2 B 4 R 27 2] Ry AN
ARRHIE s 7655 B B, JR BN AR REAE B AR R AE S B
i s A, BRI 2 40 500 R AE 43 BT (salient discrimina-
tive feature analysis, SDFA ), D427 ) I & H 5 FR1iE o

Wi Gt S DO T — OB 0 22 RE R R AR $ BT
o Z T EE T AN TR 08 B () B A7 A5 4 0 I s B
s BORL S DL SR IS B R BE . S TRl T A &R

FRAE, 2 M1 — Bl B T 0 RO PIL B A [ 457 i 2 0 2%
(cognition-inspired recurrent neural network, CIRNN)
CIRNN ZH 55 A [] F) A ) 28 R i e A ADL N 208 5 347
S A A B 8 5 () I 58 A TR I [ 81 A
FEENEN, SR ZRE RS .

AR SRR T — BB G & I AR 1 S
fEF IO ¥, F H SineNet 38 % ¢ M5 1R 1 5 OE h
P B — 6 H L A A i SRR AIE , #5F) H Transformer
RREAL ) G e S UL 75 42 Sy BT SCIR R A TR BEARFALE

Zhang %" 1] DBN X 41 B i) 4% B 75 27 4 ik
17 JC W B R IE 4 ) A4l DBN B 2 122 2 45 5 %t
% JZ B #% (multi-layer perceptron, MLP) # 17 #] i
b, It FIUEE IS B 25

Ottl FE AP Fft A [7] 4 77 X AL v S JRURRAE
H— 1 FH W B B 3% (deep spectrum) T H U, JA 5 45 4
T A o TR SRR PR A5 Bl AT B o AR 22
W 25 25ty JE A7 15 ) B 5 e A,
OpenSMILE T EL"™HHUT 6 373 4 F T4FAF £om
LR TR BURRHAE , B S FIROE , KIS \MFCC
FI45 K ARG R AA T (LLD) 45 o fe)im , XHR
FRAEAIT TARIESEAT 1 LA S R 5

ME IR EA BT AR AR
JERFAE SCHR K+ (1) 2R H] OpenSMILE T H 42 it i
Yk LLD $RAE , & B T T o 1 R AR 19 3 0
T3 o (2) 2RI CNN MR T 35 055 BB IR 2 I
AR T I BRR AL, B TR T I SRR AR ) 20
0515 o (3) T T 1 SR R R B o 35 7 R fiE 4%
AP AR o T A RN X T A RRE R AT Rl A TR
IR S — A SIS T7 1)
3.2 BRSO S

PR 1 SRR 38 3ok B IR T 8 2 195 T 45 ) S WL
JUART A4 A0E IR LA A A R S e 265 PR A s L 33t 1)
Hh R SRR AR AR A e A BN R 2R Y R T
B 14175 R T 43 Shy T A+ e 2 TIPS AR Y 3R
175 Ul R0 T 3l 2 A7 20 i R A Ul . TR
X 285 T AR PG 0 3 25 AR 91 0300 B AR 4 A Y T
TTARE A SRR 2 AT B2 1B E i
3.2 T LN A AE

QO FTFEHEES

S PRGOS A % 3 UM (8] 45 8, 7 1k ]
B, Je R AT — RN A AL 21, A e N e £
XF 3 H— A A, B R EAE B b B LA [EE Ao
UL SR BRAT ARG R o 4% G2 T w17 R iR



1486 Journal of Frontiers of Computer Science and Technology i+ BB ZEE5H R

2022, 16(7)

) SRR AR 3 BR T THIVE ARRE X T ER A T
PREMR 32 T TRE SR IO A R 38 A
(local binary pattern, LBP)"*  RUJE N A8 R fiF A7
(scale invariant feature transform, SIFT )™ J7 [u] £f J&
B 7 K (histograms of oriented gradients, HOG) |
Gabor /N L4

XNAEAFEER I T — R T F R IR BB R
INSASECE YN Jay #B Gabor =5[] H J5 [#l (local
Gabor spatial histogram based on dominant neighbo-
ring pixel, LGSH-DNP) . # Jext AJK #1153 4T Gabor
R A% AL UE B, oL UE S B R I SRR A
A B e H B A A AR AR R AL S ARl , AT AR 3] 2
MR T EMR . H I BE AR 7 R b 4 s (]
BT Rl B a R R INAR 38 5 T TR AR AL BE i 32 5 8
ANIGAF26 o FEEAT 1 R S0 Z 5 S iiE 1 i 2 i
LGSH-DNP J5 ¥ B4 801

Bah %" T — FiET 9 773 T LBP Bk
S5 0T LE BE R OBUH B I L PR Y A Ak R R R
B A e Y ERRAL B R | i e 152 e R R RS
JEE ) — BB R 1, M $2 55 LBP Za 5 (R 1800 % 2 0 T
A NI R GE a3

Deeba 5¢ " & T — 45 F Jm il B B
% (1ocal binary pattern histogram , LBPH) J5 ¥ i A
WHI RS, LBPH 575 & LBP Ml HOG Hik 4l &,
T Ab AR 2 R AR B 2 R R (]
LBPH, A LAF]—1> 1 B A8 5 Ak 1] e 7m A K A5

Zhang 55" M\ A W N 1A o £ BORE B T 55
N G — 2 55 i i ROBE R A8 R AIF A2 46 (SIFT)
FRAE o ARG B B B SIFT FRRAE [m] & 21 5 19 FR1iE
JE AR AR | 0k BT R A TR M 2
ZRRHY T2 2 53 28 1 e P M R AIE

(2) BN FANE ¥ 5]

T FBRAE W S — A sh A&k R IF Hah 8145 8 ()
QT AR A A RS 3 A AR AR B AR A ) 45 AT LU
AR FR R S R AE A S B I, X R
() Bl A7 2 DA T 1 AR08 471 rh A T 2R 1 AR
WEE L HET S ARG P A S A
Tk AR

FEARAI ZRAF ¥ 51 v, 6 T 43 A © 40 FH T Al
T 0 4 14 3z 2y, 38 5k W 7 S i 8 T2 ] T
FEAE A JUAT A7 % > ff 22 3 S8 &6 1F 1942 3%, Fan
S5OV P R 28 Y 1 Bl A5 R ok 1 9 U] - — o i
T4 1 4 73 H 7 K (pyramid histogram of gradients,

PHOG) ™ 1y it 5 ] 25 4 3R 4% >k 7 18 38 I AR A 22
b, DA R St i ok Al T E AR A . 4 EHR
J7 B0 AR Ry B 25 A et P ek [R5 8 ok 3R 5 1 3 2
T AHOCHR (Y T P AR 1 B s 3l . TR 5t R B
R ZS [0 AR 1) PHOG #6 AR5 4 J@ 21| i) 25 4, LA
it AR 15F 18] 4 B v 1 58 DR B AR 9 22 4k, AT
25 Ak M L JE B R B R TR A AR X
Al AT K 3% A F5 3R AF FR S~ PHOG-TOP (PHOG- three
orthogonal planes) . i i 25 & PHOG-TOP Hl i 3 [X.
B ST, S SRR A Rl A R 1T 4325, AT
PN T PR o

XV G R T — BT Y TN B Y
VL 38 36 AR 2R A R 5 v v R R Z ] DG
TRIE P SRR RS RIE B 25, R &
7 £ % F 87 43 #7 (linear discriminant analysis, LDA )
T3 ¥E R G R AR SR AT WA A5 20K 2R A R R
AR 1] H, 2R FH 22 28 34 1) f WL 43 2 e S0 N 17 Jek
732

Happy "0 1 5 1 8 (02 2l A0 5 1Y i ] 4
fE, JE$E T T R I R A DG U T B
[ (fuzzy histogram of optical flow orientation, FHOFO)
FHIE . FHOFO ff 1 75 FRER Ak MO o< 152 07 1] 14
1 A T8 Y AR RE B P X s R B S AT A, DA
MR A AT 326

AR 3 U X RGB-D K& 741, $& H T —Fh F
RN AT PO o AR RGO 5 A IH —fk
A7 9004k 38 J B2 B D 4 i s S0 BB A R Bl A
E o SR 5 R FHAS SRR AR 43 B 5 6 A T 2 47 1) Tt
S 7 T A PGB = A N T AT A R A Sy e S AR AT
P 3 T TR AIE 45 B B2k 38 3 B A A EA T R4
5 FIH S5 BENL S X R AR A TN 25 3 25

Yi S5 PR F AR AE A Y 12 Bl R R AR S 1 S
A, T — g OO ) A T S T SR S HE
B, H G R E S PULEA (active appearance model,
AAM) MRHIE S TAR L, R rh R BAER P 1 24
AFRAE A o U, 38 2 B 1 IR /N R B K
PR A SRR MT , DA H 3T o 48BN K 3R 155 e 31 . 4R
J&  BhA AR RAT B R AIE A =2 R) BR LG R 2 A8 Ak 1Y
@ IRt E G BRI AR . &,
P55 B B RERAE G 5 T EE 09 R AR B S0 22
(feature block texture difference, FBTD) #H%5 & , I Al
e 2 B FAG FRAE , I A — 2 A FHUb 25 0 2 0E A7
ARG



BN S T IR E T SR SR B BT R i R

1487

3.2.2  TRPEHLAENG AT AE
S AR GERY NG R 7 vk i a4 T TR AR I
TR R (AR SR ol T IR B o ) 7 Tk v T

(4 1 Sl R0 BE 1 32 1 T AR, T S R
PFAE
(1) e 2 i P 5

X T e 285 T S P A5 A R R R AR 4R B, R
1R 2 B T A BRI 28 ) 25 118 — BERCRUAEZR . Yolou S5
et RGN i S L B0 T 1 ] A AR
[F] FY) CNIN, g — 30 BE A6z 00 38 16 748 118 — 3 43,
T RIS o 7 R 5] A CNN Z R, 2 AT
A RITED F8 5C B A A D, 25 5 A IR OR A 1 A 3
P B 51 ASE — 28 CNN DU 21 o Ao A
GUFR BT, X A7 vk L B A P et R B 1R R
I BT 9 A

Sun S5 I R #R A R P Y I )RR AR 32
Hh T Tl 22 T TR B I R AR A PR 22 9 2% (multi-
channel deep spatial-temporal feature fusion neural net-
work, MDSTFN) , F 7t 25 141 15 14 3% J3E I 2 ¢ i
WS Rl o %07k BB 1 T8 AR = TSI R 1Y
GRA R 22 R 28 EAT T o 25 R 3R WD i 05 vk Al LU
AR RS R AR RS U PERE .

MG AR T — B T 2 R RRIE R R AL
AR NI 2 5 R 7 125, R G 2 45 FRUZ 52 BUTR 2 e
fEAE B o HK , 7F Inception 25 ¥4 [ F-47 i A 25 1 &
i (dilated convolution) , H] T4 I £ UL RHIE , 7151
I TE R AL s T RCR A R RE AR R
HURIDRE IS

Sepas-Moghaddam 25" 15 S | VGG 16 45 L
28 W28 PR S AR AIE o AR5, M Bi-LSTM M £
RHAE P 91 v 2 o] 25 6] £ BE RRAE , R T ) AL 1) £
JER AR o BeAh, i i T R B e 45 e G o
WS ] - A BRI o BRJS  SR TRl O vk AR A 1 IR
Wl 24k

FE B SE DR Y T — B 1Y Focal Loss F
VGGNet #H 4% G 1Y A 218 UM 5032, A AR i iy
i B HROR A HE VGGNet B fi o 1R B 0 4 A 4
WCRE 7 o e TR MR R I R o B B DR AT I AR AR X
Y M BB 1) 171 T &2, Focal Loss 15 2] T 2kt .

RGN R T — b T A PR 22 R 2% FLF-
TAWL (deep convolutional neural network fusing local

feature and two-stage attention weight learning) F 7~ fll

B R AL P By B AR R ] . A RERS

I 325 07 b AR R N 7 R DX, v N 3R U
A A

(2) B IINFAE ¥ 5]

XF T 2l A5 WA AR 51 0 TR BE R AE 4, R ]
975 ¥4 CNN . RNN \LSTM 45 . Jung Z&1 4R T —
IR 5 SO 7 ¥ R 8 G Pk S ) TR )2 4%, 43031
it L8 91 AT B8 A5 a5 s ZE AT I, L2 2] 1) [
AR LFEAE FES [ JLTRRAE . Jaiswal S T —Fh
3 33 ff T CNN R BILSTM 9 414 > 3K B [l 45 B
Jivk o Fan U T — MR A 4 3% 0 45 Al ]
3DCNN A 5 25 4 A7 R AE 42 0L, JF i — 2L 4% RNN
AR AR A B A s TR A G o

Kim SE"BIFSE 11 25 R8T TR 5 1 A2 4, At
IHEH T —Fh s & CNN AT LSTM BIHESE . [ 2= 1
(4 RF IE 2 B Ry T 78 40+ B — 843, CNIN 27 2] 1 4R S
JIT A7 W v TR I Y A )RR AE 5 5 A g, i
LSTM 2 2] I} [A] 4AIE

Yu SR T — FhFR O i 2 4 LR B LSTM
(spatio-temporal convolutional features with nested
LSTM, STC-NLSTM) f 87 1 R 45 1) , 1% 1 3 45 4y Bk
T =AM 2% HT T4 O =S AR AR
3DCNN, JH T PR 45 I [8] 3l 285 ) i (8] T-LSTM, % £ 4%
FR AR HEAT A A B L C-LSTM., 3DCNN JH T M 7w
T #8114 PG 51 o B BB 25 B BRARAE , T-LSTM
FH T8 44> 45 B o B Bsf 25 R AT 1) s ) 2 2 R A 7
B, IR C-LSTM ¥ BT A T-LSTM A it 4R L7 —
A2, DT X ) 285 v 6] J2 i % 1) 22 SRR IE 90 AT G B

Liang "8 1y 7 — il F T 100 & 45 2R 1 iy ¥R
JE A B K A I 02 (Bi-LSTM) fill 5 1 4%, & 1l LA
FI 2 ) RS ) AR AL o 220 2R 3 B ol = A
FH T X3 2 ) 36 7 42 BRRY % 5 TH] 9 4% (deep
spatial network , DSN) | F T~ 2% >J B[] 2l J 2% (1) VR B
[&] %] 2% (deep temporal network , DTN) I ] F 1< 3 Aisf
SERFERR R IIEIRPZ% . 255 — D R 1 R &
B¥ 5, BA TE DR AN TE R 2844 1) DSN M 51 Hh (1 4
— T rr 2 S A ARCRRAE , T DTN U388 52 467 19 1 A 415 it
Ve AR TR FRB Mk . T S A s U )
23 {7 B, Bi-LSTM M 258 9 i — 20 FI T & B = 1)
AIRHOCHE . HeAh  IZHE 4 2 i 31 i 7T 2% 27 114, PRI 7]
DL L I [R5 L LAAR 78 25 [ R AIE .

) T Bk A 5SS I 2R 47 1Y Inception ResNet
v1 2% 5 IR — WU R AT 0] £, AR 5 TS AR AR )
22 () FRy D B T R R AN 3R 17 iR R i O 1 2 R T, A
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M BIpRER I AN RAE T . T i — D5k e
4B R A A 1, 20301 SR HT VGG 16 19 2% il ResNet50
o 28 Xof 3 AN S ) s R it AT T AR R U o

Meng 45 "4 T 2 W 4% (frame attention
networks, FAN) , ¥ B A5 ] A8 B A R A A0 484
R I AR B RSF I 3ROR o A 4% F
B N, RRAE AR B — AT B A L 28
%, BB AN G A BIRRIE ) v, Wl AR
22 2 B X S ACE T A O N R A R
fiE ) i U BB ) 3 AR R o

Pan 55" T — ol R TR B B S I 4% 11 LA
T AR AE R 71 o 1 56 R F 2 () 46 BRUMp 28 I 2% 1
I 1) 5 AR 28 I 2%, i J31] i SBCRE 3L 471 ) gy 2 )
ZERHIE o AR5 ALA FEERAY 2 18] A [E) SRR AR S A 21 gl
B G, ST IR TR THI R A 43 A 55

MR AT A SRR A RN TR B A i 1
JREAE SCHR R« (1) 3 T 0058 (4 5 IR 1 AT 43 Sy 3
T 2 TS PR %) 7 TR ) R 5 T 3l A Ay 1) 7
FEF R o (2) %68 T i 25 T RS 1 T TR 4 0
F2 IR 38 i AR RS AT B i LA [BDE F A S AR AT
K ARAT N A 5 A, H 0 9 75 54 LBP L HOG
SIFT & S FLCHE i 7 vk 5 % i 285 1o 38 5 1 TR
FRAE, 2R BT CNN A9 R 25 455 780 3 £ 7 1 30 P 15
(A TR 5 AR AIE B2 B 5 X 3l A A0 2% 1 13 81 1 F T
TIE$5 3, 4 4R A0 A3 3 1) B A7 B A B B A Al 3R
7 T AR A 1A G S, w7 i 2 E A RO
T RUBE Y 5 X6 T Bl A A0 2R 15 ) 510 1) R B AR 4
B, 25 LA e 4 ) e 23 38 R SR FH AR T CNNHI
RN (9452 3 5f 53 531l $1 B (1) T J82 R A AR I (1] 8 Ay
fiE o (3) M5 B A A SCHR R B, b 06 T TREAE FTER
JEFFEARZS & 2 — MERE AR T ] .
3.3 SCACHTIREE AR 4 IR

SCAS A G R R SCARAE Bk 138 NG
B B IOCAAR AR AR 2 SO HUIME 55 1 — A
K, B R SCAR R AT 5 AL, e A AT ot A
BN B EME 15 2090 25 0 SCARRRAE 3RO o 7 I 3
fili b=, o T UE BIUA RRARE I 4 B, X kAT
A RCRE BRI, T a0 A B0 T i 2 I 2 il 25
SR A 2 A BRI o PRI I SR R BRI R RO ST
IR SCAG S AT S DG 8E, E B0 R T T SO JRE
TE B2 ORI BE SCAE IR SR B
3.3.1 T LCANEAEAE

B BT T SCAS I BRI 45 ROy 125 S 1) 445 28

(bag-of-words model, BoW ) """ 32 45 U4 S0 Y Bk
SR, W v =[x, x,, o0, 1], H P w, FRORFEANRKG
oS AT A X SR AR T SR B A ik
BRI 300 ) IR f S T n iR BRARAE A
(B AT AJ& Z R R 3451 %2 5 TF-IDF (term frequency-
inverse document frequency) . i il {5 3¢ 75 76 SCA
HOE A LR AR AN TR R AR . RIS
BRI B I RE . — Ok UL, AR
o A TRD I AT AR 30 S A Y R 2 A 3R JELARL (H Bt s
TTERT A SCA AT g = 4t . TF-IDF ~F-ffif hr 26 2
A AR AR . BRI E S
B AE SCRY H A B L B3 (R T AR R S TR
JE R R TG, R4S BoW AL fRT ER HL R
FUT A7 A v 2 s B M R 3] [ G R a2k 1 ) R, 2 —
FIIRJZ R B SCARRRIE R R 75 o

AT B BoW #R7  Deerwester 55 "4 T
TE1E X 43 #H7 (latent semantic analysis, LSA ), LSA F F
¥ 51 43 f# (singular value decomposition, SVD ) ¥ Jiit
1f 1Y) BoW FRAE R s Fe 45 hy B BARYERE iy ) &2, 40
TR 5 ) B T AR D AR 48 1) ) A 5 ORI R
I RZE P AH C o Hofmann! "4 H HE 26 ¥ 78 15 S0 #r
(probability latent semantic analysis, PLSA ), PLSA 3&
T LSAGIA TG ERBAL, ShRifE LSARLL , E )
MR A B RAFRGeit 2, e LT — D aiEn
Bl A B AY i e T — S22 ) R —1n] 22 LI IR) R,
Blei 45 "4 Y T W 7E 2K A 5 43 A B 7Y (latent
Dirichlet allocation, LDA ) , & —Fift & HUi 4 5 & (4n SC
ATERHEE ) B A OBER A Y . LDA & —> =2 DU
REAAAY A 5] | S SRS =R S5 8 e ] et S
B F 3 [a], T RS AR, TS8R SCAARHAE
3.3.2 WSO EERAE

il #x A (word embedding ) J& — Fi 5k T 49 11 2018
SCEEAR ) AR, — B TR 2 e Y T ) R A T Y )
ARG T2 W T SCAS I AR U 55 o AR A 4
A5 B A [R) HL A, )i A AT 43 P IS - MUY ) e A
FVIE ARl A o T 00 E T A — A ORI L
TSR B R 2 ) S Al A T B TR
JEA 2 G B ) LR R A

FLI0) A ) i AR AU SE T )ik R SGEAT I
Yo AATTIA R HE BRA R 5 1 1 TR A L S SURR M
FEAE ALY, 441 40 word2vec"™ 1 Glove™, B fI11E
P N 7S Ty )l i o | M = NP 7 Rt B A
TV A SO o T 25 1) )ik A8 LE BE AL 1R
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Ak 1 B3] ] i 2 AT S AF A PERE  JF H7E NLP 4% 45 h
WA T ERA L o SR, B0 A 1] i AR AU AR 15
“— > 1a] B E— ) R ORI 2 TR B SOfE
BB EEMR o AR A LR i A — S P — 1Y ] i
To e B S S 22 S, iR Ry BRAE BELAS T 10 53]
XA Y 1A Rk

LAk, 2 R 2 2 (R &, TN ki 5 AL Y
tHBLJF RS T NLP 41509 28 % . ELMo (embeddings
from language models) " J& — Ff g B {19 U8 J2 15 5 4k
(deep contextualized) H.11] & /R J5 % . ELMo & —1
TRJZ W 0] i 5 A A 38 3 il AR 0e] R | SOy AR
A Rl A o B AT DUREHLIR) 15 1 & R R AR
(anfm] SCi) A SC) K AEAS ) B 3 5 T 8 v i AR
fb (B Z i) . ELMo AJ DR 25 5 b i 7% 21 30 A A
AU I W WG TS B PP B NLP )8
SORTHER A4 )L [R]85 A5 8% o3 A 4 40

ITAE K, OpenAl # 1 T 3 T Transformer™' 1) 1
7 BiA GPT (generative pre-training)"*, 5 ELMo A~
[, GPT F A b SCHUM F — A~ B8] . GPT R A PR
BO i SETEAR R IC A B b 0 i S AR ok
1 2] B 28 ) 25 R B H0) 4y 288, W S (5 P AR )
FUbR (3 28 2808 1V HARME 55 . GPT 7E GLUE 2 it
M 1F 2 ) F AT 55 IS T S B Sl iR o

BERT (bidirectional encoder representations from
transformers ) "*"J& — Fl 5 F Transformer'> f*) XX |7] &
RN B AR A 2 o BN SCHEATIER S Y i
ik T W 2 20 T 1R S B BRI R AR i
AP TR ZRIRJZ X £ 78 . BERT AT 1 11 I NLP
155 I S o S Bk 22 18 T A Y K el it
AW H L, 40 GPT-2"  GPT-3"*", Transformer- XL"" |
XLNet"™"45 | #fi 2 %5 NLP 45058 (1 AR Wit 25 5 Bl

TEAL G iR i A P HES) T |, A% I dml 5 A TEAS [R] 1Y
7 AT 55 rh B e R B DT R, Qs a0 2 R I TR R
FETOM . R TR I BAE B 9NAIR)E ROR |, Tang 351
P T BRE X2 1Al A (sentiment-specific word em-
beddings, SSWE) , & 7 ] 2t % [H] i 4 A 155 /2% (R B
O FVa) i B R SUfE 8 . 5 HAd R i AR L, 33X 0
TAEUE B TR 17 bR 25 48 A 55 JERORH DG AT 45 1 1) )
ERSNIOE SR €

Felbo 45" 12 Y| 5 — 1> 44 “h DeepMoji 1 1 )22
Bi-LSTM #2584 fift F 1.2 2 4% HE R E50 40 90 00 iy A\ SCAY
(I B TR I 55 7 TR S T AP

Xu FEIHEH T Emo2 Ve, B 1% JE 0 S 4 b5 o &

JE R/ SR 1) B IR R R OR R 2 AT 552 1
D7 ¥4 Emo2Vee 4T T 6 /AN [a] 1 11 25 A0 AT 55 1
Wk, X Emo2Vee B ITAL s , B8 THA 1 514
A S Y 2R O %, I ELAE DI gl s /I i+ 24
BRAE LS T A RCE . 5 GloVe LK,
Emo?2 Vec fifi FH fiif 51 (1) 32 8 1] 9 73 88 72 JLME 55 b
BT 550045 B A 2 i ag o

Shi 85 SR HY T — OB 1 2% 2] 40Tk SRR A 1 SR
AR A B 7 % 1% 5 1 TR IS 3R 5 18] 4 15 SR
SCAF BCRN fOR A B, BT LA A Bh i O A GE
FHA AR 22 A o 382 3R] R I R A 1) ) X
g3 B 22 30 38 FH T SCECHE 1S A i fE A5 DL S
IR, 7 B 4 R AN [ 335 7 o 1) AN TR 0 3L, B Rk
BH 2 A58 A L T — i R T v R 2 2T el Rk
I IR B AT A BT i A XA R ) AR 2 T
R P

MR A BT T SCAS R SRR A TR B SCAR
JERHIE SCHROR A - (1) H FH Y T TS0 B AiE $2 1L
K 2 1A 4S5 BoW , {H B A7 75 (= 4E A i P il i)
[i) G R il 2% 7 ) AL, S — IR )2 R ) SCAR R AIE 3R 7
Jrik o AT i BoW BEAL, 4k i B0 T — &R 5 ek
AR, 4 LSA PLSA \LDA % . (2) IR J& SCAE IRy
fiE 2L LAl A BB X oR |, — LE TR 2k 4F 1) T 1)
TR B 2 > 1) il i ARSI )3 A 1 SCAR 1 TR B
1155, B0 Sy SR IA] ik AR Bl A o Y
Tl A A word2vec .Glove .BERT 4%,

2]

4 ZEIEG SRS Tk

18 B2 LU & 3 O XUk A 1 3l 2 0 3 A B 0
T XA EGR BAR AR 5 2% . Ak R AR
T AR BIAT 55 B T — Se R o8 iR (A ST R, £
B 1 SRR 55 RO AR T 3 —BER 07 Y
A A AR E S, il S SO SRS
B, DT B 15 5 SRR 55 I R FIORS 0 3 o X
53K B SN RS G 1) 2SR B A
Jrik o B LR RS J7 A B R IE )2 (feature-level )
fil & P 3K 2 (decision-level) fil & #28 J2 (model-
leve) @il 5 55 .

EAE JZ Rl Gt g PR O B Rl (early fusion,
EF), & —Fp & 2% BE AR AW T SR i 5 vk, %5 1
TR Z A . X T 2 R IE 2 A E
FEHe PR B B 1) R AE SR B — SRR AR 1] L, O
XN 2585 TR AR . SR, SR 2 A
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A5 PP AN ) B i 0 )RR 00 2 3 I G AR A )
YRR, 25 5 S BAE FE i v DL T IR A TR o

TR )2 G BB PR J5 Rl (late fusion, LF),
SR FH i D S Rl R 0] 5 A (] g A5E 25 0 Ry A
SEHY A 2R RS A A5 R 15 B e A 1Y RS
i E DR G R 2B R R
CRVRIT /NS S SR AR AR BRI T RO 1Y)
fil A 7k AR A T KO0 A - T I PR X
ST T AN A SR A R AT AT B
ToiEia R A R Z B 0 5 R o PR G B
JEk HANF AR S T I, 0 A
AT LA H R i B AT 55 10 2K

R J2 Rl 3 A R T ] T R BT 5%
B X BB 43 0 B[R] B 25 SRR AR =2 TRl Y
FHOCHE . I, B AT DL 2% JEOAS [ A58 X 22 ] 4 AH B¢
K, I FLREAIS T X SeBS A [R5 5 oK o Beah iR
GlA IR R R E MR ORI 2
A 1 LIRS RS Rl S T R R

S P NN N SN 6 g NIV E A i
SRR AT LA 43 Shy OB 285155 1) AR = A8 25 1 e
T o A% 5 DAE T RO 285 1 — 88 25 7 1 J iR o
J7 TN X e il 7 AT A R AN R 2 PR
4.1 BUBEEREBUN

L B RS 2 IR
PR A7 2 04 A A8 17 J )
XUBEAS 1 IR
4.1.1 BRI RUBLE A SR O B R U

Huang 25 "4 tH F| F Transformer 45 7 7 455 71 2
T RS U . Al H OpenSMILE MU 2= S 44
£ (eGeMAPS) 1 0 & BURFAIE , #L5E F5AIE £ JLAn] 4 il

im|

Ul ] RLAy 9 - Rl & i 5 A
U A B il v 8 R SCAR £

N

Pt

A R, B 455 T S b o7 B T B AR B Sk RS
FEAE AR B A URRAE . 223k VR R A G Y 0
Jai , IS i SURRAE 23 8] 77 AE 22 B2 17 8 [A] R AIE
FRBf Transformer 5 81 5 LSTM AH 45 &, i i 4 3% 352
A E RS54 T ERE . 7E AVEC
2017 B B ) S5 2R B A5 G A R T At
G A

XU S — PP LT LSTM W 4% 1) 2 4 2
TH U B Sk i BRHRT 43 4 TRRAE )
£ 4% MFCC ## i . Fbank FAF 55 5 % 10 77 (&1 5 2k 1K 26
AN NIRRT A1 5] 7 B 5 1 B A S R R AE o SR AL
6 LSTM 4355 JF 500 1 AR o S 2 15 100 1 s L, ik
Softmax #1743 2 , 47 P 5K 2 M AURRAE il & o 7E
eNTERFACE’ 05 #4545 I, 1% 5o 1% I 7S 43 2L 1 1 1
RIRF 74.40%; 53 Hb A 2R A 7 15 R T UZ
LSTM 1) 45 48] , K 155 1% 43 2 A B S5 380 35 08 2 -3 A
%% [] (arousal-valence space) , £ W/ 4E B I (1) T %
A3 1353 84.10%F1 86.60%

Liu S5 T — BT 0 R a5 O ik RO i
e 18] 4 BN 4% (capsule graph convolutional network,
CapsGCN) . B 56, WiE & 155 th #2 BOH 3 &1, i i
2D-CNN #1745 AF 42 55 X B 47 AR R ), 3 et
VGG16 HEAT LG RFAEHEH o FE 42 B 1 3 LA R AiF
PN T T EE A RV I R URT Poy
% A A s D R T Ay . R B A A E
5K P O 2R Y ARSI LR R 2548 . R
P35 B 2% (GCN) 2% > B Y 25 4, 15 31 B R .
5 J5 K CapsGON 2 2] BI| 1Y) 22 15525 e 48 FBRUOC 3=
FORR G 23 HER T, il e E R T
e, LI R WIEE A LG 77 i 7 eNTERFACE’ 05

2
Table 2 Multimodal information fusion methods
s ] E& RS FRAEFRHL A Gr28/1m1H HAELE PHIZE R
o o, W :€GeMAPS TR Z Rl , CCC(Arousal 4EJi ) :0.654
2020 H A 139] I s ) #HE)Z AVEC 2017 S
vang=r VA PR F N RPN EERZNA (Transformer+LSTM ) wiEHRR CCC(Valence 4t ):0.708
E=Y AN =41 AN
i## :MFCC Fbank % Z%E;ﬁz
2020 XUTFFFAEC IEF AGE BLGE ST R Y - ; Em/i Softmax eNTERFACE05 Acc(6-class):74.40%
=i <. BF =M=
IR (RUZLSTM)

2021 LiuZ&gt® W

B LK +2D-CNN R 2 A

Acc(6-class) :80.83%
A HEE NTERFACEDs ~-ec(0-01ass) °

M3t : VGG16 (GapsGCN) Fl-score:80.23%
. o, BT :DBMALSTM _
D B ATSO43) SE.SE = =l A _ . 0
2021 FALELAENS {EE A W3 . LBPHASAE+CNN IR Z RS Softmax CHEAVD Acc(6-class) : 74.90%
e 15« MFCC 45 Rk RS Acc(4-class) :71.40%
2018 HazarikaZ5"™ 35 A Soft IEMOCAP
azarika 5 A OO WA :FastText+CNN (Self-Attention) ottmax Fl-score:71.30%




B/NE & BRFEEEINSESERRIMRHE 1491
2
mhE R Y FRAF 3 IR fili 77 = Ay /1 g PLBI4E R
FHEE A
I, 157 : SincNet J2+DCNN 36 2 b &
2020 Priyasad %" {5 UK ;77.( DlchI\?JrJIi LSTM ;ﬁ}i}ziii Softmax IEMOCAP Acc(4-class) :80.51%
H - PN Ay iz
(Cross-Attention)
. 1 CNN+Bi-LSTM 2G4
2020 Krishna 25" i35 S04 Soft IEMOCAP Acc(4-class) : 72.82%
rishna % AR WA Glove+CNN (Cross-Modal Attention) ottmax co(4-class) ’
1. Acc(4-class) : 83.60%
1% eGeMAPS TR 2 A L IEMOCAP Acc(6-class) : 68.00%
2021 LianZE™ 3% UK CA : Common Crawl (CTNet: Transformer+ Softmax 2.MELD Fl-score:67.50%
and Wikipediali#tx A GRU) ’ 2. Acc(7-class) :62.00%
Fl-score:60.50%
159 :1S10 paralin P
S A BT RS ,
2021 EERREW I SCR SUR  word2vect SR SN Softmax IEMOCAP Acc(4-class) :69.51%
Bi-LSTM+CNN A
T TR, s
T e e
2017 Poria 2" :‘"Hi\zti ?}ﬁl"i\;D CN;\I\(L (AT-Fusion+ Softmax CMU-MOSI Acc(2-class) : 78.30%
AN AR =
. - CAT-LSTM)
A ;word2vec
EE 155 . IS13-ComParE
2020 Pan 20 ;F'jc * 5 . 3D-CNN TR AIRE (MMAN) Softmax IEMOCAP Acc(4-class) : 73.94%
o AR ;s word2vec
R AR, W
NS ALBE < T B U AR | T
) B i - . _ . 1. IEMOCAP 1. Acc(4-class) : 82.70%
2020 Mittal : Hjci ARSI AT RURRS (MIER)  SE&R 2. CMU-MOSEI 2. Acc(6-class) : 89 000/0
B/USN . - . - H . (1]
RIS IR 2
AR : Glove Talig A
183 s Wav2Vec $E B SSL
ff:;r‘ av2Veo 1.IEMOCAP  1.Acc(4-class) :84.65%
N e SN " -
Siriwardhana & M A2l A 2. CMU-MOSEI 2. Acc(7-class) :55.70%
2020 ! W35 Fabnetd il SSLAFIE Soft
Hgisn gk DDLFabneBRSSLERE (o mer) OMMAX 3 CMU-MOSI 3. Acc(7-class) : 55.50%
A : RoBERTa #2 it
: e
) 4. MELD 4. Acc(7-class) : 64.30%
SSL HE#1iF
- . 0,
g AIGRU 2 CMUMOSEL 2 et 51000
2020 MaiZgtsn  UTH B LI GRU R RIS (MFRM SeEppE T el freass i LU
2% S A ;;7”'; XXﬁGRU R & ( ) IS S oMUMOST 3. Acc(7-class) 39.40%
. &
’ 4. MELD 4. Acc(2-class) : 88.19%
153 : OpenSMILE #2
e o f'%tgn P I.IEMOCAP 1. Acc(6-class):60.81%
2020 Wang 11! #ch};x ;r; _zD_CNN FHAE 2T & AR 2. CMU-MOSI 2. Acc(2-class) :82.71%
o )‘L‘;IUR.CNN 3. MELD 3.Acc(7-class) :61.95%
, B O E+CNN
. B . " . . 1. IEMOCAP 1. Acc(6-class) : 84.40%
2021 DaijZg! . o . CNN R G (MESM I E
ar B A &;‘: Trans BB ( ) IR 2. CMU-MOSEI 2. Acc(6-class) : 66.80%
. lranstormer
NN 155 . IS13 ComParE
i . " _ . Acc(6-class) : 65.00%
2021 Ren P e apienn BMERA(IMAN) 2332 [EMOCAP cel b-class) ’
W SCAR Gl Fl-score:64.50%
H ove
. B SEREIE " _
R . TR 2 Eh A , Acc(6-class) :66.60%
2021 Khare &' Wi : VGG-16 %2 CMU-MOSEI
aresr SN Lo (Transformer) B F1-score:78.50%

WA Glove

TE : Ace fRFRFHMERN 3, Fl-score {RR F1 1343, CCCAUR — BRI C R EL
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EIRAR T 80.83% A ERH HE A 80.23% 1 F1 1547

FAR BLAFUSHR T — MR T U DR Rl S
Tk o PR EAR AR R o =y
(local binary patterns histograms, LBPH) % &% H 2/
fih %% (sparse auto-encoder, SAE) Fl 24 i ) CNN 2k 52
s X TR SRS, BT R IR 52 BRIR 2% 2 AL
LSTM RS . 7R FRASE S TR IS, AR AT i o DS
o AsE 285 9 TEU 5 SR AT Rl 3 3 Softmax #4743
2, 76 CHEAVD £#ii 4 b iy 5z i 25 R i) 1
KT 74.90%.

4.1.2 R I I RSO BORUBEES I i U]

Hazarika 58 "4 th 7 — Fp 3L F H 7 B 7 (self-
attention) I FFIE LRl & Jr i o XS SRS 4 F T
RRAE, AR B R R R M ROE TS MFCC A
X AR H] FastText!" ik A 7 S #E4T 2 5, 145 H CNN
HEAT R AR H2 B0 5 200 B I LR Oy X S ) B 3 Y
18 3, 9K 5 4 3k B 43 BRI AL 2 & AL, B s
il i Softmax #4743 26 . 7E IEMOCAP (Hij P4 > 23 3
VERINGREE 55 T 21 A il B ) Bt 4 By s
B AR WY %R G T TR Y A R R U R A B T
71.40%

Priyasad 55 4@ 1 — B B TR EE A 2 (0 U5 vk
el B SCA I P B EAT 1 2026 . A SineNet
)2 RN A R 28 ) 25 (DCNIN ) DA Ji 4 5 41 v 4 B
PR RPN IFAT 43 3 (HE—y DCNN, H 2k
Bi-RNN 5 DCNN R ) #E A7 SCAFFAEF2 0, PRSI A
28 X7 7 71 (cross-attention ) 2 #fE W M Bi-RNN 1 5|
B Bk 2% 7~ L ) N-gram 2 A &M |, 5 i i Softmax
AT 4335 . 17 ¥ AE IEMOCAP (10 417 58 SUIRIE ) %X
P AT 7RG, SRR A R R X R T
A T3 125 INAURS B2 4 55 0.052.

Krishna 55 "7 2 1 — Fb A J 85 6 25
(cross-modal attention) F1 38 T i 45 % JE 1) — 4 5 1
PR 0 48 EAT VR - SCAR I BRI OB 5 15 o AT Al
FH 5 40 45 1% % (CNIN+Bi-LSTM ) M 58 5 431 3k 1 o
F I GURFAE 0 SOA G i i (Tl A Glove!™ '+
CNN) M SCAS H 4 g 9008 S B i S RS 2
F3, e L A i i 1 AR DG SCAS 4 5 B AR AR
R Z ISR, 38 3 Softmax 175325, SLIRRW 1%
75 A IEMOCAP (YA 25 A I 2R B, — >l
VE R AR |, ASE U IR ) a8 B 3RAS 1 IRl i 25
o HZuiEAe kAR, 15 3 0.019 BT BE 4
Xt Tt

Lian 54 T — A T 200 18 EAGR 1 1Y 24
A 2E 2 HESL ) FR B CTNet(conversational transformer
network) , fifi i % T Transformer ¢ & 151 £ f5 25 F5AiE
Z[H] RS N A S TR 1) 52 .. 1 H] OpenSMILE 44
B 88 4 1 75 = K¢ 1 (eGeMAPS) , £ Common Crawl
and Wikipedia %48 4 I Il 2k (1 300 4k i) 7] 54 Ry SC
AFHIE o O TR T SCRIUBRN T TE A U 0 AR
KR T T 2351098 n GRU M 2% Fil i
AR il 3 Softmax #E17 7328 . 75 IEMOCAP (i
PO 2208 FIAE DI 2 4R RN IR UE 4R | 55 A 2338 HIAE I
4R ) FMELD (47 28 B IE ) 5040 5 1 % 52 g 25 1
T W T 07T WA U 5 A T VA A L AE IR
HIF1434r 1R 0.021~0.062 [T REHE T .

T BRI T 3 F Bi-LSTM-CNN 15 -
SCATF RN B o SR B word2vec"al ik AAE K 3L
AFHIE , PR 283 Bi-LSTM Hl CNN A1 BEAT SCA AR
PEHL, X1 3% F) F OpenSMILE #E 47 F T/ 2 R 1IF 2
B (1S10_paraling) , 4 9 35 ¢ 1iF fill 5 19 45 SR AT o Bk
A CNN A 9% A il 1 Softmax #4743 28 , 171
ARG, B F IEMOCAP (AN 216 1R Il 48, —
A TEVE RN AR ) B 25 R R W, 1% R I HER 323k
#'169.51%,

4.2 LT AR SN

Poria %2 T — BB IA 1R R] T SUF
ETEABIAL AT CNN BEAT SCARRRAIE R
W35 1 R b word2vec [A] 5 {5 fff F Open-
SMILE & B & AR AIE | £ U R AE B LA IS 2 $ ik
FFLE BT, Qns S o B 3 R S e i 50E s F 3D-CNN
XTI o ST 50 A TR AR B I, A8 T —1
FF I S0 E J ) LSTM (contextual attention-based
LSTM, CAT-LSTM ) #68 RIS ALALL T 1 22 18] ) T 3056
R, ZJEGIA T —F T E I8R5 HLE] (attention-
based fusion, AT-Fusion) , ‘B 7E 2 & 25 73 22 il 5 3 A2
1D NI =5 i R ElSEOR W 3 B RS
Softmax #175335 . 45 Bon  IZBAIE CMU-MOSI
(YIZRER (5 1 447 3E ) R AE (& 75213418 il
S 5 URTE N TGO B AE LI e R R = T
0.06~0.08,

Pan %54 T — B AR 28 T T M %%
(multi-modal attention network , MMAN) 1)1 & fill &
J7 ¥ o M OpenSMILE # BUif ¥ F T 4% fiF (1S13-
ComParE) , i i 3D- CNN 2 #5245 fiF , $2 B
word2vec il AME R SCARRHIE . ABATHE T —Flokr
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f) 22 46 250 B S PL I (cLSTM-MMA ) | 3 3 = F 5
KM EE IS E R, &alad
Softmax #1732 . MMAN 7E IEMOCAP (Il 248 il
A BENLI 3 ) I E R A B S BT e e A Y
PERE

Mittal 55" 1 T — A~ FH 3 72k il & )2 19 2 A
R BGR B RL FR S M3ER, %7 5 S B Al g 1Y
B IFAEREA T Al A e 59 M RL S . $E X Glove
Tt AANE R SCA SRR, W18 3 B S R B 22 R 1E ,
W A, N e B TR AR AT A B e A
1 0 AR P AR A R IR A A VR N L AR A . AT ]
LR A3 T R X 40 T RS R SR 2, 14
BB T e R A0 TR AL | fieJ il i 4 i R
AT, LIRS K, 7E IEMOCAP I 11 V-2
T % Jy 82.70% , 7 CMU-MOSEI( B HL %1 43 A Il 254
(70%) B0 Uk 4 (10% ) FIIU K 52 (20% ) ) | #9725 1
1 5% 89.00% , LA Uk b LA B 98 $2 35 T 24 0.05
(R HERR R

Siriwardhana %5 " YR {28 37 B 25 4
Wi B 2% 2] (self supervised learning, SSL ) 55 7Y rf 4 1t
1Y SSLFFAIE 2K /R A (R I RoBERTa™™) (i (R
FH Wav2Vec) Fl 45 (2% FH Fabnet) i) = Fh i AR
U5 T SSLRFAE 1) v 4R, 51 A T — F587 1) Trans-
former 13 T 73 & J1 19 @lA ML , )5 il 1 Softmax
A I IR . WL T DL & 2155 SSL 4
TIE I 52 B0 2 B AR BT 55 I Bopn 25 3 o XHix
PeiAT T B R AL | 7R DA BHiE 4R IEMOCAP
CHT P 2 AR RN R 5 T 2R VR il il 4 ) |
CMU-MOSEI(ffi /i T CMU-SDK"* rfr $1 {1k (1) 7 45 F1l
BARAEYRSY ) . CMU-MOSI(ffi f] CMU-SDK "' rf1 3 it
bR 25 FECHE SE 97 43 ) \MELD I it 5 S 3 0 3% 7 vk
T e Se itk A A

Mai ¢ VR T 2 A 5% 25 1042 N 4% (multi-
fusion residual memory network, MFRM ) > i} 51| 15 15
PG IR . X AL R SO SR FH AR GRU A5
RO ARG BB AR IE R o fF MFRM B 2 H
TR G B 1 2 {8 MFRM REAS OC 13 & A o BT Jk
N P R A O T2 O T N N [ PR3
Bk @A a5z R R I Ag B, teAh B iR T
5% 2210 42 W 2% (residual memory network , RMN ) 3 4k
FRELAFRIE . B, il 2 E R R AR
K S B, MERM 7E CMU-MOSI (1 284 /N i i
VERIINZRAE | 686 4 1f 18 1F A il i 4 ) .CMU-MOSEI

(16 265 M HHHAE I I 25646 L 4 643 D IETEAE ik
££) \IEMOCAP (H U4 235 AE R IR 4R 5 42
WA I 4E )  IMDB 5l 45 b SCEL T A Je iy
gEIR

Wang %" 5% Transformer fiz i1 75 ML £ B 125 451 3k
HUAS BT W) Ja &, 4 T — BB i il A 7  Trans-
Modality ¥ fif e Z BT B AT A 55 o SO A
HI 7 2FRRAE 43 5138 53 CNN L 3D-CNN Hl OpenSMILE
PEATHREC, 3 1 Transformer, 7 ) B9 R AFEAR B T U5
B R H AR A 1Y M5 S, TR 0 4 i B2 R AT 4y
Ko 2 ZHEHIRE CMU-MOSIGUI 24 (50 iE
AL 1 447 A uE IR A L 752 AR IR ) |
MELD (Ul 254 (B8 UFAE AL 11 098 i i, Ml i A4
2 610K 15 ) \IEMOCAP (Il 4 B0 iiF & 6 &
5 810G, MR AE AL 1 623 4M61H) EIAIE T %4
AL, SCEFRE B TR B T RS R R

Dai %" T — A 58 4 it 31 i 1 45 A (multi-
modal end-to-end sparse model, MESM )R EFAE $2 HURN
AR AR A B B e Ok I EXT e T A
DA o % T 25 VL BB 285 v 1 A4 D 3 1 e ]
M, SR F CNN 2 17 55 AiF 42 JC; % SCAS SR H Trans-
former FEAT 4t o A T U8/ vty B AR AR A R 9 115
FFES, 51T Fibi B5 A 257 B 1 (cross-modal attention)
PEATRAAEPE R, i Jo il o BT N 45 A5 B R 25 51 . 7
IEMOCAP (4 70% . 10%F1 20% () &5 35 43 51 AL 43 i
FYINZRAE Bk A AR ) Fl CMU-MOSEI( AL
g3 ) RS A5 SR, ¢ 4 v ) v AR TR B I AR T O
TR B ) BAT MY b A, 38 g 0 ) A
AR ST R AT DA RRAE $ BUHS 43 DA K 2 — 2
TS PR A S PR BE

Ren %548 T — FloB 1 28 B 30 2528 T R
2% (interactive multimodal attention network, IMAN)
FFXIE s 4515050 . F A OpenSMILE X1 & 15
BRHBUE 22 E (1S13 ComParE) , 1] A 3D-CNN 42 Bt
PLIEFRE , $EHL Glove i AME B SCARFRTE . IMAN
FIAT — M EEERETEM A IO ZREER
MRS R B, IR T — 4 il A A HOR R &R
HASXHE I R SO B RS F R e
EEE)ZS RN IR . 7 IEMOCAP (FI U431
VER SR, )5 — A R IR ) Biodi 4 b i SE 96 24
R IMAN TE A 2445 B2 F1 F1-45-43 07 T8 43 5]
KT 0.004 F10.002 F £ Tt

Khare 55" 1 Wi U1 247 e 21 2 455 25 1 IR
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S, % — A~ JE T Transformer Y1 25 i #E 5 15 5 #E AU
HEAT TN S5, 0 FH 5 400 (5 22 R AR ) A58 (VGG 16 42
A TR B R AE ) A SCAR (Glove Tl ik A ) B AE 1 0 i
A5 A A T S . R X IR
SR AT 55 $EAT T 0 . 7E CMU-MOSET £ 45 4
AT A R, SRR KA L, [ I s
TUA] DL 5 3k 0.03 (T AR B PERE

ok B AN RIS ) £ JE X i 28155 IR 0 A BB 1Y o3
k2 AN ] 1), B TR N7 3% B 0 G VE il i AR b Bk
ZA5 BB o LG RHIE Al A FTJC SR il & Oy vk TS
7% RS 22 B) (Y 22 B RS, PR I 3T A R 3 T AL
Gumh G B MR G . BEE R AL AR
Wi el i, 2 0 ) B ) AL B 8 2 2 R [R) AR AS X R
FIPERE R R, B I HLRITE Z RS R E th i A
ORI .

5 PeikSpLE
5.1 TRIESE T BRI LK

B HE R Ak & TR EE 2 S J7 2 C 2 U b
FH T2 2 3 PR AR R 7R LUSEAT I ORRAE TR0 - )tk
A, 3k BB PR I A o J7 VTR T AR T T R A
b7 o SR, 3 Lt Y A9 TR 8 2 ) FOR BT K
M2 280, S BT E R E R . N T XD
(5] L, R 8 22 1Y) 2 3 o T 0 IR B T 4% 1) e 4 A
WS o BYARL (pruning ) "2 Vil /D R i i 245 I 2%
(DNN) Z 8 i) — Mo A7 I p9H0R . 7E DNN A,
VFZ S BOE TUR Y TE IR B b 0] B AR 22 I A
WARMTTHL . B, FEIZRZ 5, X eS0T DL
RS BRI X £ SO0 450K B 5 ) B /N o
BYA Y 2 H Y2 0 BB A R O A T
FEAif o W He SFU 5] AT — Bl 9 38 18 55 A% J7 K
IR B PR 2% 25 78 — DI 2Rl CNIN A
B S T — AR BBl i % T LASSO
(least absolute shrinkage and selection operator) [F] I
F1%) 308 3 328 45 0 e /)y — o i R AT A M AB 5 B — 2
PR AR B Z R M Z 00 S L. BT
J5 1 VGG16 LA S A5 s 35 2] 1 fe e i i 45 4L | [\
i % ResNet ., Xception 55 M 26 SEEL T 2 A5 N

S A PR IR A 2 AT S5 B PR RE A BN L IR
JE27 2] B & Uy — Fh iR Sk B HOR | (H R & [R) BT
RAFAE . RZBRI 24 R FE 3 T 3 TAH 4
FER NI R R MR TR, T HZZIEL S,
TR 2 > HAGH B O AN B 0 45 SR A1

T NBEE . R T MR A a8, 154 T Ak
> B W RFE 2 ok B AR DR BE RSB 2 il Y
U, SR, 3k AT AR B O SOF A BOE B A
ORI R R A B X N Bk B FE AT 4. R, A
22 BT AR 1) B FE AR TR B 5 ] ORI mf
il B — A EH RS T 0]
5.2 WM BN KU

ZRSH R HEARBERA TE RN LR, E
TEBS 15 R B b AR 0E — > B Pt a2 ¢
EERY R, W T A R A AT R AR, R
() K40 B 22 ) A1 AL A7 20000 O 22 TR A — 2, B
TE 19 22 B2 B AR ) A A A [R] — A s 4R A7 U1 45
AR, K 22 50 o8 N Bl R 7 — R R s 4R
WG UE AT 0 DT I PR R ELS T R B T R
PURAEL K 22 BB B I AT 55 o T 5 2Lk
G AL Z AR R X LR S BRI R B A
TR APk PRt anfa] 47 5 22 119 22 B2 1 J8 iR
T AR B — APk K o AR B R A R 1) X6
PUoE 2] 7 ik S — PR AT I B R 22 A I BGR  OR
W o UL B R 2 2T I 48 A A B X 4T I 4% (gene-
rative adversarial networks, GAN) " %t $1 30 H 3 %
i #% (adversarial autoencoder)"*'5%

= 2 25 PR A KA i A S )X T 2 AR A
BREE, FRAEMEG TERRBEAX — R,
B TR S B Al A M RBRE LT . Mai SFUOHE
T T R XTI G B g - i B -0 IS AR S 2 )
— MBS R A S 8] . T A RS Y o AT TR
AT FEAFE, 8 TR 22 5 XTIl
A5 F R G B s DS A Y 0 A e 4 S H B S
S T i e’ 7 T PO WA R A E (R B e 1 B P B 7
AZS ]t &R A 20 o o SR 5 fili )2 R B ol 25 ) 245
G, AR 1 2 By By s OBUE R = g A 5.
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