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Abstract: In the existing research on multi-modal sentiment analysis, the fusion different modal information
is mainly through the overall interaction of different modal features, but it doesn’t consider the relationship
between unique features and common features contained in different modes, so the complex emotions can’t
be analyzed effectively. To solve this problem, a multimodal sentiment analysis model based on adaptive gated
decoupling feature fusion (AGDF) was proposed. Firstly, the pre-trained BERT model and Transformer model
were used for feature extraction of different modes. Secondly, according to the principle that the common
features of different modes were similar but the unique features were not similar, the contrast pair was con-

structed. By contrastive learning, the features of different modes were decomposed into unique features and
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common features. Thirdly, according to the principle that the image and speech modes were offset in the text
mode, a new adaptive gating mechanism was designed to fuse the features and integrate other modal information
into the text mode. At the same time, the relation graph of unique features and common features was designed,
and the fusion of the graph attention neural network was used to balance the unique information and common
information among the modes. Finally, the fusion features were classified. Experiments on the datasets CMU-
MOSI and CMU-MOSEI show that the accuracy and F1 score of the proposed method are improved by about
1 percentage point compared with the baseline method. In addition, compared with other feature decomposition
methods, the proposed method improves accuracy by 1. 23 percentage point, F'1 score by 1. 37 percentage
point, Corr by 2. 13 percentage point, and reduces MAE by 4. 83 percentage point. Consequently, the proposed
method can make full use of the heterogeneous information of different modes and effectively improve the effect
of sentiment analysis.

Key words: sentiment analysis; contrastive learning; graph neural network; multimodal information

fusion; adaptive gating
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Fig. 1 Examples of differences between common and unique features

i & 1 BOSAE Bohal U Y, SOR AL 35
Foft AN [v) ) S e, L2 W LA T 17 4 2 T A
AR, T FH S8 R AR B T Rl A T 1 2 2 R AR
8 o [m] oy 255 B PR BRI SCAS 1 A R FE TS A R AT
AT DA BTt PR b B ) B A 28 2 TR, SRR X
YR, A ZXEY %, [ -SNE
S AT AL A TR S A B BURRAE , HErh, £ 3R7R 3¢
ARHFE, v RN RHIE, 7T LUE Y, IR R
fEAEAS 18] b BAT A S8 o A A AHZS 178 0 o A
SR 3 2H I s Fh s ] A] DR R A REAE , T
ANAH S FB 53 2H L FAA 3 8] A] DL R 7R ph A R AE
NIZ7 ] Fpon] LA B AS [R) RS 0 5 B T LA ELAR
M) , TR B A 2 20 s ok BE R AR 22 [R] A9 IR 28, ML
M2 T BAIPERE

B AN )RS3 2 ) b A R AR R A R E 22 [
H9:7 S LN (U N TP NSO T S [ D) TS
(Graph Neural Network, GNND 5| A 2 5 25 1 J&%
Sy BT, T O R AL, fE T b A
DL T2 R AR AR 5 1 2 B IR IR AR L, 1




CEVEE 219 1)

L L 42 AR I Rl ) 2 B I BT (RIS 3

Se R N 2549 BERT il Transformer # #4 3£ 17
AN TRVBEZS R AE R B, SR FHGT b2 > 103 % i A
TEf RS HE5E , T — RO 09 3 38 N i T S
45 fill G ORI ARRTE , [RIRF I GAT M 2622 2)
AR IE Z [ G R 5 e, XTRlG W Re Ik 4T
TP o AR SCHY EZ TR

D) B AR R 2 RS (R A R AE A
IR 1T 3 B 52 202 17 TR i) PR X Py ) R, A S o
38 I )45 SRR AR AT il ) 22 1A I R AT AR
R B RE AT BRI FE S IR B2 22 1] 1 B A
S DN i vy 175 SR o 0 1 YAt 2 o

2) AR T — R R G SRS R Rl S AR
FRAE . e I T A T4 A 3 1 AR R
W, FooT2r RS B HA R E AT R B 2R

3) FEM S EEMER I 4E Ly SE R, A4
BRI RCR A T B Al E R 7.

1 MExIfE

1.1 SESBERSWN

PUAT A5 R e falt A T =X nT o SRR AE i A
PR BB LA SR A G o

RENE R il 7 330 o 2 A (R R A A
A ML, G0 CONCAT B . A&
Ly Oy AT SRS AL AT X R T TR AR R
WU, EIETRAEN AT, R Bas
[E] 1 2 ORI B, X S BOR RIS (] 1) h A58
HRAN, ZRT LT XEE

PR G 7 AR 2 AR R AT ST By
MR S Rt e £ <SS AN (P U A T I 11 34
DL R4 5245y SR T Uk . ol . 7ERHIE AR IR
Ja R L RZAEBHEATORSR , JF o TR P P
FE AR A AR AR (R Ry ik BEFE R R BE AR
Sy R RIS [E] 1 22 HA B

RA G e IR NFRR, R5
ARSI @A o B an . 3 ad 0L m i 2 o AT A
AU R R R R A RS | RS
M= BES A E AR R 2 k& # 17
HU, TR 2 R TS P LA B S (R Y A AR
M S5 FHZHCBm AR T KR
FR BB RAE B o R X IR 2R HE
TEmh A SIS T W R, (e AT A ROR]
FHAS [R5 285 22 ] ) A R A AR SRR AE 5 T AT A
FEANE , BRI T @A B (PR BE

AN SCR PRI T 0 P 36 7 1] 4 18 S s A
B FFBAVRRE , LASE SN AR RRAIE (9 7203 28 B

1.2 XtEE=3)

X oo A TEAE ARG AS 22 [] (1 0 L
12723, HUH TR FEi ok ek B0

L )= — log| SREM DD

= z exp (sim(£)/7)

£EpUg
e p WIEFEARRT; ¢ HAFEARR; < B ES
0, T AR AT 5 sim S AHABLEE pR%S

sim & L

sim(a,b)=a"b/|al|l|+| 6], 2

A sim(a, b)) i a b 1 4% 5% A0 L ;
[« A T ik B a5

XF Ll 27 2 P 25 0 2 b 2L R A T 3
Jrtoe DT AR A% O AE TR A IS 1Y AE TR AR
X o B Gn s 3 A R I T RS B 22 1Y I A
AR, AT LR $ v 2 2 /AR 0 Bl N T
RSB R 7 S, AT LASE A N TR B AR Y
T OL T BEAT AR % 205 3 5 SCAR BAZO0T X i
W gy, (A ARIPERRIAE T 5 A I
g ATE A R R Gl R T 2 B R L
2], SEI P AR B B A RLX 4y, IFRE
P EE BRI,

AR SCR H SCHR L 13 TR e 26 i A7 A [R] B 2
(A FRAE AR

1.3 BElHEmE

LA, GNINBETRY PRLH G 1 235 4 A 5080 1) 3
FRHE T AR A OB AT A48 I 28 1] kg T
KIS F T I 0 7 VA A T3 [ O ik

TR 1) )7 8 o DL T EIE 5 b HL Y
J7 2 SLPEP AR AR LM BB, T mpy iy
PaaE i (5 BAGHE K 2 LRI, T H &Y
A RGP AGE AR, SR T A,
ROLAND™ | RAHG™ fil GAT™ &, Jo H 2
GAT, ‘EREWE [ 1 N H ok & (1755 5 43 U A R
P TR A A B O R A RE T, JF HOR
FIFAT RS ESOR = R A, 38 T BIAL Y
ZALRE TR, A2 2 1T R UG

AR SCHG AN [RI RS 0 0k A AR 0 R0 A AR i A 3
S BB, SRR SR IR D 0 A



4 b R e o A RBRRAO

2025 455 1)

DA 3 R 1 O R
2 AGDFi&ERl

AGDF ) BAREER I 2 s . AR f &
3AFE T FRAE SRR | R AR AT A B A A

FRAFAE Al AR

FEAESEIUST R Z BOS IR AR B IO 344
SEMRAERRIEROR o MR BN 2004 BERT #5846 3¢
AR T 40, {f P57 1) Transformer 4
T 283 IR GE RS V RIE SRS A PR T4

[ st pear
O #tatsE

FHERLG

i

A < A,
R A AR

LEIN Py i g

| [ e
b s
PR

#l 2 AGDF %544
Fig.2 Structure diagram of AGDF

R AR R FHN L2y ST 19 7 50, R —
AR 14 IR R R A R S S AT S A A R i
GRS TC R A A AL

PR I Rl 5 RS ER 00 BT R 5 AR R AE o i
AT B, B T A SRS
R, R AR SO RS 1945 B R SR
o HUC, MR AR RRIE Z R AR 2R, IR
NS IEATRL S, LASR AL [a] i I o

2.1 4SAEIRENAELR

SCARFHIESEHCR H B0 2510 BERT B8 47
it . XFF SR Ty={w,, w,, -+, w,}, BERT
RUBEME T i A BEG B L [l 1P 2RE R %, IF
LT 5 XL 4 5 G PR AR R SO L BT
T AL MR T gt FE R R

T=BERT (T,, Oypxr JER ", (3
K. 08 BERT B SEL; s MR TTEL; A Rin)
JUHY K, 7EBERT #RIH , h=768,

MAERFAE I, 15 462K H openface A4 BB
T RFAE Vo, ARG 20t U2 £ 3k A 1E 7 /1 Trans-
former M %% f, AT RFIE SRS o Gftid R R N

V=F(V0.0,). (4)

B RIEREIL, B 56 SR H librosa R4 G AT

&
A
i

I8 TR A, RELENELLAERD
Transformer (W45 £, A TREESRS . difibid PR R
A:f4(AO5(9/'\)o 5

2.2 YS{EfRFRIEDR

X Lt 2 > FH R 52 B0 20 A5 25 0 s R A 1 A
HDAREAS P FURE A (1] 19 b 7 X0 0 bL 2 2T f
A PR SCAARAIPENE R Bl a5, AR5 0 A5
A RRNE 20T SCARFRAE , WA RIS A AT e 1k
T8 B SCARFEAE . [RIBT, AR AR A 5% AR AL PR e R IE A
AREEMAREALR , AR AT LU 75 5 b 1H ) A
MEFEA . IR BRI AR R RN

X, =MLP,(X), (6)
X, =MLP,(X), 2
Kb XA RIBBSRAE ; X A FIRES A
FRIE 5 X, A AN A B %) A 8 40E 3 MLP,, MLP,
I3 R AE L SR MLP R
XA
[, = ContrastLoss(T., T,, V., V,A,A,)s (8)

2.3 MRBPHIREERER
AR B FEARER LA [R] 18 77 20 A R AR Ak 1k



CEVEE 219 1)

L L 42 AR I Rl ) 2 B I BT (RIS 5

FrRA o — 7 1 A R AR 22 R] 4 6 R 9ok
B 28 HEA TR, 53— 07 TR FH AL D RN s 2 B
P HEA TR

TEA RS BN, ASCHE & T LU ), 3
A REZ TR AR | ] — 35 N R 2 [E] 9 A
RUE . AH SR Wz ] A REAE A B AR M . X
P PR P 155 B AR I T A B AN [ A 245 5 i e
A RHIE Z B AE 2 A R A T 26 A v, i AE [A]—
T A 17 SRR P D P AN [

1) Sh A SR iE . 508 — AR RIS
) m NI T,, T, V,, VAL AL ¥ HAE R E
BT, Hrheel,m o AT i LR L
KU : ARIBEILA R TV, AT, AV
[ A ARG IE | TI TS, ALAL, VIV FAR AT 45
EAVIVE L ALAD S TIT! s =R RN KR
K G6 anf&l 3 Fiis o

K3 CRE
Fig.3 Relational graph

2) BT JIRG o B TP 2 M TE 2k
RS I T B AR, BRI AL
STI B A R (05 SN TR = Y G B R L i
mRENEEREG. ETI, RAHBATEEIMW
#% (Graph Attention Network, GAT) 2k B & K
ARERE R, BAAN

}LU—O'( z am,Whu), €]
uEN(v)

A o) K LeakyRelLU 336 pREL; N (v) 75 5
v WA SR 855 A, AR, 5300 R 7 A RS o R R
TE 5 @, MW 5, w Flo I = T 0 50
a,,= Softmax(s(a"[ Wh,, Wh,])), (10)

s a WAVE TR & WA

3) HiG Al A o JEF i M (E B i 3Rn
Al DL 0 AR T T R SOAS | 1 S AT
BRI T RA RS RS AR
MVRAIE , A SCITH T Z RS AR RRAE 1 3 [ 145
il A 5 B (Multimodal Decoupling Feature Adap-
tive Gated Fusion Module, DFAG), UK 4 fi/~,
THEE B R0 S 7 SCAS T L5 ) v A= 1) g
%o MBI RN A

E'=g,(WA)+g,(WV,)+b, (1D
X W, W50 B ki AL BE 4 AiF A8 AR 7]
i b N E RS 5 g, g, 3 0 R RIS R AR
FESCARTE L5 [ B 1o 6

g.=ReLU(W,[ A, T;])+b,, (12)

g =ReLUW,_ [V, T/ ])+b.,. (13)
K W, W, o s R e T3 ML A AN
FERE 5 b,y b, 5 TR S AL TREH LA B 1o

A AR B Rl 1)

Fi=T!+AE", (14)
qf: NS
Tf
/l—min(” f”z,l)o (15
IE
Output
+
B
T A
| [
vw @ T 't B

K4 ZRESHANVERE B NPE A
Fig.4 Adaptive gated fusion module of multimodal decoupling feature
4) ZESFHIERLG . DURMERMEAE A 22
il BRI £, 0

fn=Mean(h,, F.+ F}), (16)
K. FOBIEARHE R IME
F'=Mean(T!, A, V!), (17

2.4 MKEE

R T UNZR AGDF B8, A SR B Ar R4
loss= L.+ L,, (18
e LR R ;s L, Z RS TIN50
XF LA 2T AR SR Loss H R DTRRAR JEE o
ZRTMI R £, FIH T RZE T 25
AW, AN
1oy, .
l,n:;;@;fy;), (19)
Ao 9L, AFEAR B 2RSSR v, AR
(1) Z B3 LS4



6 b R e o A RBRRAO

2025 455 1)

3 X I
3.1 EWiEE

3.1.1 FEsE

CMU-MOSI™': ZEREAL S T ok A BT
W WERENG | W RSO S , T
A 175 AT ) 5 B L BT AR ALY 93 N HLY
B, A B EAE 1~3 min 2 1], 247 275 4]
W EEARET, A B B B TR
TE AR P sl A A SR e, AT SR EE VT

CMU - MOSEI™®" % % ¥ 4 J& X CMU-
MOSI ek, AL T 5 2 M RE A FI T 22 (19 e o
HMFEE, RS R A 3 227 AR R A
(1) 2 J7 A0 F B .

15t TR AR T U1 %k Rk
RSN EES o €

F1 BORENGRE

3.1.3 SIS

A SCHY S 5 ¥ 7E BC £ NVIDIA RTX 3090
GPU RYRE IR P AT o IR i R i 2
sk 2 i, Hr, optimizer &7 % H]
M PEAL T % 5 learning rate 367 2% > BRI RN
hidden dim . head num Fl layers 43 5! 3¢ 7 [ #1 22
2 i R RAAIE T S AR R L T R AL Sk o
LK 246 11 2 2 K i

#2 WSHOLE

Tab.2 Hyperparameter settings

e fH
optimizer AdamW
learning rate 0.0005
hidden dim 2701
head num 4
layers 3
B 0.1

Tab.1 Statistics of the datasets A~
Bl e VIR S IR A
CMU-MOSI 1284 229 686
CMU-MOSEI 4 659 1871 16 326
3.1.2  FRLRpR

R T AT VAR AR SCHE R RS AGDF, BEHE
LR o Rilbii e f

1) MULT™ FIFH RO ) B A 285 1 ke 2 )
ZRES P AN Z B AR EAEH , IF 0 AE MR i —
AL R 5 — B

2) SELF MM, SR H A W2 2] SR g ik 47
PRE AN, JF S0 RS W . TR, AR
R TR W ST A AN [R) AT 55 ) Ay 2 >

3) MMIM™ , FEARAJZ R Eie R EAE S,
AR B B B . 2R RG24 5 A
WA Z BRI EAR B

4) GraphCAGE"™ . il 15 K¢ J3° 51 55 4 % 46 g
BIGE# , bt T 800 X 57 1 2R, e iR TG R4
25 X 4 AR T R O K 1Y )

5) ConFEDE"", $& H —Fgr i X Lo 451 2% o
BT T2 2] B BAS — B A R, 3 2 RRAE 43
fifk 11 7 O i 2 B B AR

6) MVIR™, il 8 2% 2] Z W0 58 B A AR [
SEHARS T WA A E R, 108 T 2R
AL RIRBETT .

RSO FH A H 2R RN 2615 B A S 5061 FEDR it
T2, SR ENRMNSE. leaming rate
P& £ {0.0001,0.0005,0.001}, hidden dim ¥ #%
{32,64,128,256}, head num Y i Fl K {1 — 12},

layers 197 [l b {1—4), g £ {1,0.5,0.1,
0.05,0. 01},
3.1.4 P HEAR

REPESERT TAE Y, 35 T 4y 2 Al

AR DT E AL PERE . TR 2T 55, A S0k
BT 2B RNERR IR FLIE . YRR 2 —
5 (Binary Accuracy, Acc-2) Fl-bE /200G B (7-
class Accuracy, Acc-7). Acc-2 fl F1¥F 455 A W
AR BPEANAE R — 2 A ah 5, BN
PHE PR AR 25 1 AR S5, AR
HAS T4 X% iR 22 (Mean Absolute Error, MAE)
Iz SR #0H 644 (Pearson Correlation, Corr) o

3.2 LIHHER

AR SRR CMU-MOSI Al CMU-MOSEI F
EAT T X FESE g, XoF AR A S 0 5 R U T Sk
Jir SC s A SRR . SRS A R IR 3 Tk 4.

e 3 FIER 4 RSB EE AR . £ CMU-MOSI 4L
PEAEE I, AGDF FEILE F1 040 Ace2 43k %] T
BAEPERE, 4390 86. 89% F186. 75% . i, 7
CMU-MOSEI##E4E |, AGDF # R B T i
FEMERE, F1405001 Acc2 43510 86. 14 %6 F186. 35% ¢

5 MULT fERUAH L, AR SCELBIAE T FR b
PRI, X U B U2 Oy 2T LA ) AR



CEVEE 219 1)

L L 42 AR I Rl ) 2 B I BT (RIS 7

B S FRAE . 5 SELF_MM A5 5 F MMIM #6% #1
#H I, AGDF B 7E Ace? Fl MAE | 524 4( 7]
fHJE Acc2 A F1 43300045 1 B W i itk 20 3 i B
ff R IE BE S IG5 AN RIS 2 [RIAE R

£ 3 HdE4E CMU-MOSI LSe35 R
Tab. 3 Experimental results in the dataset of CMU-MOSI %

Acc?7 MAE Corr
A v A
MULT 79.71/80.98  79.63/80.95 36.91 87.99 70.22

SELF_MM 83.44/85.46 83.36/85.43 46.67 70.80 79.63
MMIM 83.67/85.37  83.6/85.37 45.34 75.50 77.30

CONFEDE 84.17/85.52 84.13/85.52 42.27 74.20 78.40

i Al Acc2 4 F14

GraphCAGE ~ —/82.1 —/82.1 35.40 93.30 68.40
MVIR 84.3/85.5 83.9/85.5 — 714 79.9
AGDF 84.48/86.75 84.69/86.89 46.94 69.37 80.53

e Ace-2 FIFL /7 ZE M E S B R B M — 2 s
gEUL /A B (A AR RBE P 28 MR A A L, < A " FROR A
FRICHRGF, ¥ "R (NG

F 4 R CMU-MOSEL |- 1525645
Tab.4 Experimental results in the dataset of CMU-MOSEI %

Acc7 MAE Corr
A v A
81.15/84.63 81.56/84.52 52.84 55.93 73.31

il Acc2 A F14

MULT

SELF_ MM 83.76/85.15 83.82/84.9 53.87 53.09 76.49
MMIM 82.24/85.97 82.66/85.94 54.24 52.60 77.20
CONFEDE  81.65/85.82 82.17/85.83 54.86 52.20 78.00
GraphCAGE —/81.7 —/81.8  48.90 60.90 67.00
MVIR 83.9/85.8 84.2/85.6 - 53.1  77.0
AGDF 84.42/86.35 84.49/86.14 53.23 53.22 78.00

TE: Acc-2 I F1H, /" ZE M BGE A BIPERIAE BT TE — 28355 i
G/ MR SRR B 2R R TR 4 2R

5 TETEN M AUAH b, AGDF #8138 i Xt kb

F O AT MR B T RS B Y 25 S TS U
M BRI TN 43 25 . 5 COnFEDE #5784 4
I, AGDF fBIAE F1 7080 Ace2 B34 T2
LE 8, R E TR R PR 7 I 2
I AETR WS, R B A 2 M AN ¥ E
o7 00 26 ] LA R R I 2 — 2 @, T LA AL
MR AN [RIASEES 22 ] (4 0k 7 R0 R RRAE, DA
T A AR 1) 15 R A I8 T e 3

5K HE #2424 1) GraphCAGE BLRIA{ L,
AGDF BERULE if 5 48 b5 B ABIUAS T e 1 45
A E] TR KR T, 330 3 W 3 2o 1l dofr 222 ) 286 %ot
Fp R ARRAE R AT A, ] DA B — B A By ]
B 4 b b PR S AT RO 15 8. S0 A (5 B
A5 B AT RIS 19 MVIR B EUAR LY, 3 3 48 3¢
BT T il B T 245 i A B 407 b Ak 3 M (5 I8
AEEMXAR,

X S 4 AL R UE B T AR SCHR S A A R A
A BT 55 v A R e ek
3.3 HELSCIR

JT o3RS AR TR 5 ), AR SCAE BodE 42
CMU-MOSI _E#E47 LA flSE s
3.3.1  ARAYZEF I Al S5

R T B IE AR SCARE A X fig A 4R OE A A AL
F, IR 5 T 3 BRI AL

E I SERIETE R Rl 3

Tab.5 Experimental results of module ablation %
Xt e 2] GAT DFAG Acc2 F1 Acc? MAE Corr
NG 82.56/84.73 82.65/84.76 43.29 74.45 78.47
NG NG 83.61/85.54 83.84/85.43 46.65 71.36 79.86
N N 82.94/85.06 83.09/84.96 45.92 72.21 79.40
N ~ ~ 84.48/86.75  84.69/86.89 46.94 69.37 80.53

T Ace-2 M EFLH /" ZEMIBHE HYERAEBITE 2SI, /" A M B E R B E R A — 280 3 A 4h

T 5 RN T AR SCHRE H B BB T A A f) B )
WHG AR R . PR RN AR R AL A T AR AR A
RIOFI) FH G g R 0 AR, P PR3 3 IO 45 il 5 3¢
ITHE ML A 25 R AL, 456 PR RAIE RS 7 2
AT LA e pE ke

kT 6 UE PRV ) S R 1 SO0 S B 2 R
(IS, Bt T RERIR GO R G3, 5 2. 394k
A RS AR 1 7 15 (G6) HEAT L8 . GO R BRI
KR Z5 R %, et CONCAT #EK T A
FRIEAIE G B T2 . G MR o [ Kt R
SRS W AT RRAE AR LRSS ) ot (4 0 2264 744
i, Qi S Pn . SEERAE R ANER 6 .

5 JLARHIESC AR &
Fig.5 Relational graph of common features
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Tab.6 Experimental results of graph data construction %

(il Acc2 F1 Acc7  MAE  Corr

GO 82.94/85.06 83.09/84.96 4592  72.21  79.40
G3  84.32/86.56  84.4/86.59  46.36  70.01  79.83

G6 84.48/86.75 84.69/86.89 46.94  69.37  80.53
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Tab.7 Experimental results of the number of attention layers %}

JZEL Acc2 F1 Acc7  MAE  Corr

1 83.67/85.52 83.61/85.48 46.79  71.52  78.92
2 82.94/85.06  83.09/84.96 45.92  72.21  79.40
3 84.48/86.75 84.69/86.89 46.94  69.37  80.53

4 83.38/85.37  83.33/85.37 47.52  72.28  79.38

T Ace-2 M FLH, /" ZE M EA BRI B TE — 28+ 55 Bir
FREEAR, /A R BV BV — 2B AR 4

7 ROR T I 2 R A2
SLUGAS R« B TR IR BRI, AR P
RERBLHSE LIS TR MEE B E
Sy 30, ALK R T AEERE . X — IR AR
T, FERIIHUEI BEASET XA R (415 55 3h A5 Hb o3 B AL
E,MﬁﬁﬂﬁﬂT LAEEMIAF BN RAHE

1o AT, RS BN, B L LA A
ORI , FEOG AN .
4 & it

X B F 5% A Ak 3 2 A B s 22 AR [
RS ) A RRAE B A R AR R R B ), A AR
T EGE R T SRR Al A i 2SI IR T
B 38 X b ) A AR, JRES A HIE ]
AL S R ) M TR, B RE RS A 2K
- AN RIS A (5 B S A R R

Bl L sc g g R, 5 H AR AE 43 i
ﬁ%mwzﬁiﬁ&%@%ﬁﬁﬁTL%Eﬁ
NOF1I RS T 1L.37Ha A, ComiElm T
2. 13 HA M, MAERRME T 4. 83 H 404, BiHAAR S
B BE A% 78 00 I T 22 5 25 57 A 8, AT A 23
FHG B AT PERE

SE Lk

[ 1 ]LIU N, ZHAO J. Recommendation system based on

deep sentiment analysis and matrix factorization [J].

IEEE Access, 2023, 11: 16994-17001.

[ 2 ]PARK J, SEO Y S. Twitter sentiment analysis-based
adjustment of cryptocurrency action recommendation
model for profit maximization [J]. TEEE Access,
2023, 11: 44828-44841.

[ 3] WANG J, CHEN Z. SPCM: A machine learning
approach for sentiment-based stock recommendation
system[J]. IEEE Access, 2024, 12: 14116-14129.

[4]LI Q, GKOUMAS D, LIOMA C, et al. Quantum-
inspired multimodal fusion for video sentiment analysis
[J]. Information Fusion, 2021, 65: 58-71.

[5]1ZHANG Y, SONG D, LI X, etal. A quantum-like
multimodal network framework for modeling interac-
tion dynamics in multiparty conversational sentiment
analysis[J]. Information Fusion, 2020, 62: 14-31.

[6] WANG F, TIAN S, YU L, et al. TEDT:
Transformer-based encoding - decoding translation net-
work for multimodal sentiment analysis[J]. Cognitive
Computation, 2022, 15(1): 289-303.

[7]]1 M Y, ZHOU J W, WEI N. AFR-BERT:
Attention-based mechanism feature relevance fusion
multimodal sentiment analysis model [J]. PLoS One,
2022, 17(9): 1-20.

[ 8 ] HAZARIKA D, ZIMMERMANN R, PORIA S.
MISA: Modality-invariant and -specific representa-
tions for multimodal sentiment analysis [ C]//Proceed-
ings of the 28th ACM International Conference on Mul-
timedia. New York, NY, USA, 2020: 1122-1131.

[ 9 ] VAN AMSTERDAM B, KADKHODAMOHAMMA -
DI A, LUENGO, et al. ASPnet: Action segmentation
with shared-private representation of multiple data sources
[C]//2023 TEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), 2023: 2384-2393.

[10]LUO Y, WU R, LIU J, et al. Balanced sentimental
information via multimodal interaction model[J]. Mul-
timedia Systems, 2024, 30(1): 10.

[11] YANGJ, YUY, NIU D, et al. ConFEDE: Contrastive
feature decomposition for multimodal sentiment analysis
[C]//Proceedings of the 61st Annual Meeting of the
Association for Computational Linguistics. Toronto,
Canada, 2023: 7617-7630.

[12] HUANG J, TAO J, LIU B, et al. Multimodal trans-
former fusion for continuous emotion recognition[ C]//
ICASSP 2020—2020 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP) ,
2020: 3507-3511.

[13] PRAVEEN R G, GRANGER E, CARDINAL P

Cross attentional audio-visual fusion for dimensional



CEVEE 219 1)

L L 42 AR I Rl ) 2 B I BT (RIS 9

emotion recognition [C]//2021 16th IEEE Interna-
tional Conference on Automatic Face and Gesture Rec-
ognition (FG 2021), 2021 1-8.

[14] FARHOUDI Z, SETAYESHI S. Fusion of deep
learning features with mixture of brain emotional learn-
ing for audio-visual emotion recognition [J]. Speech
Communication, 2021, 127 92-103.

[15] GKOUMAS D, LI Q, LIOMA C, et al. What makes
the difference? An empirical comparison of fusion
strategies for multimodal language analysis [J]. Infor-
mation Fusion, 2021, 66: 184-197.

[16] TANG J, LIU D, JIN X, et al. BAFN: Bi-direction
attention based fusion network for multimodal senti-
ment analysis [J]. IEEE Transactions on Circuits and
Systems for Video Technology, 2022, 33(4): 1966-
1978.

[17] WU T, PENG J, ZHANG W, et al. Video sentiment
analysis with bimodal information-augmented multi-head
attention[ J]. Knowledge-Based Systems, 2022, 235:
107676.

[18]L1Z, GUO Q, PAN Y, et al. Multi-level correlation
mining framework with self-supervised label genera-
tion for multimodal sentiment analysis[J]. Information
Fusion, 2023, 99: 101891.

[19] CHEN T, KORNBLITH S, NOROUZI M, et al. A
simple framework for contrastive learning of visual rep-
resentations [ DB/OL]. (2020-03-30) [2024-07-05].
http: //arxiv. org/abs/2002. 05709v2.

[20] CHEN X, HE K. Exploring Simple siamese represen-
tation learning [C]//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recogni-
tion (CVPR), 2021: 15745-15753.

[21] RADFORD A, KIM J W, HALLACY C, et al.
Learning transferable visual models from natural language
supervision [ C]//Proceedings of the 38th International
Conference on Machine Learning, 2021: 8748-8763.

[22] LI X, SUN A, ZHAO M, et al. Multi-intention ori-
ented contrastive learning for sequential recommenda-
tion[C]l// Proceedings of the Sixteenth ACM Interna-
tional Conference on Web Search and Data Mining.
New York, NY, USA, 2023: 411-419.

[23] BRODY S, ALON U, YAHAV E. How attentive are
graph attention networks?[ DB/OL . (2022-01-31)[ 2024~
07-05]. https: //arxiv. org/abs/2105. 14491.

[24]1YOU J, DU T, LESKOVEC J. ROLAND: Graph
learning framework for dynamic graphs [DB/OL].
(2022-08-15) [2024-07-05]. https://arxiv. org/abs/
2208.07239.

[25] L1 K, HUANG Z, JIA Z. RAHG: A role-aware
hypergraph neural network for node classification in
graphs [J]. IEEE Transactions on Network Science
and Engineering, 2023, 10(4): 2098-2108.

[26] TANG Z, XIAO Q, QINY, et al. Multi-view inter-
active representations for multimodal sentiment analysis
[J]. IEEE Transactions on Consumer Electronics,
2024, 70(1): 4095-4107.

[27] RAHMAN W, HASAN M K, LEE S, et al. Inte-
grating Multimodal Information in Large Pretrained
Transformers [ C]//Proceedings of the 58th Annual
Meeting of the Association for Computational Linguis-
tics, 2020: 2359-2369.

[28] ZADEH A, ZELLERS R, PINCUS E, et al
MOSI: Multimodal corpus of sentiment intensity and
subjectivity analysis in online opinion videos[ DB/OL].
(2016-08-12) [2024-07-05]. https://arxiv. org/abs/
1606. 06259.

[29] BAGHER ZADEH A, LIANG P P, PORIA S, et
al. Multimodal language analysis in the wild: CMU-
MOSEI dataset and interpretable dynamic fusion graph
[C]//Proceedings of the 56th Annual Meeting of the
Association for Computational ~Linguistics.  Mel-
bourne, Australia, 2018: 2236-2246.

[30] TSAT Y H H, BAI S, LIANG P P, et al. Multi-
modal transformer for unaligned multimodal language
sequences [ C]//Proceedings of the 57th Annual Meet-
ing of the Association for Computational Linguistics.
Florence, Italy, 2019: 6558-6569.

[31] YU W, XU H, YUAN Z, et al. Learning modality-
specific representations with self-supervised multi-task
learning for multimodal sentiment analysis [DB/OL].
(2021-02-09) [2024-07-05]. https://arxiv. org/abs/
2102. 04830.

[32]HAN W, CHEN H, PORIA S. Improving multi-
modal fusion with hierarchical mutual information maxi-
mization for multimodal sentiment analysis [C]//Pro-
ceedings of the 2021 Conference on Empirical Methods
in Natural Language Processing, 2021: 9180-9192.

[33] WU J, MAI S, HU H. Graph capsule aggregation for
unaligned multimodal sequences [C]//Proceedings of
the 2021 International Conference on Multimodal Inter-
action. New York, NY, USA, 2021: 521-529.

[34]1XU M, LIANG F, SU X, et al. CMJRT: Cross-
modal joint representation transformer for multimodal
sentiment analysis [J]. IEEE Access, 2022, 10:
131671-131679.



