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Multimodal sentiment analysis model with
convolutional cross-attention and cross-modal dynamic gating

ZHONG Zhaoman'?, FAN Jidong', ZHANG Yu', WANG Chen', LYU Huihui', ZHANG Liling'
(1. School of Computer Engineering, Jiangsu Ocean University, Lianyungang 222005, China; 2. Jiangsu Institute of Marine Re-
sources Development, Lianyungang 222005, China)

Abstract: In multimodal sentiment analysis tasks, ignoring the emotional correlation between images and text leads to a
large amount of redundant features in the fused representation. To mitigate this challenge, this paper introduces a mul-
timodal sentiment analysis model grounded in convolutional cross-attention and cross-modal dynamic gating (CCA-
CDG). The CCA-CDG model incorporates a convolutional cross-attention module to capture consistent expressions
between images and text effectively, thereby obtaining aligned features. Furthermore, the model employs a cross-modal
dynamic gating module to modulate the fusion of emotional features dynamically based on their interrelations across
modalities. Additionally, recognizing the importance of contextual information from images and text for accurate senti-
ment interpretation, this paper devises a global feature fusion module that integrates interaction features with global fea-
ture weights, which leads to more reliable sentiment predictions. Experiments conducted on the MVSA-Single and
MVSA-Multi datasets validate that the proposed CCA-CDG model remarkably enhances performance in multimodal
sentiment analysis.

Keywords: multimodal fusion; emotion analysis; emotional relevance; attention mechanism; convolutional cross atten-
tion; cross-modal dynamic gating; global feature association; weight fusion
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BAEA AR, H P Rl K SOR R K A O
B, XEEEMRE BARE & A 8 1S R, {1
BSOS %A T A8 15 0y B, SR, S HT A B 5
F T A5 BRI R AR R A, X R 5 S04
Z I I OCER E M AP IR AR ZR . BB E &1
T IRER A, 5 1E Rl A SCARTE 1% AR 35 AT BB AR AE
W25, pl, Ry b, W N a5 XX
A A AT BE P IR 2% 3k — B0y 1 B A e 5 A o —
SEIE LT, BB AL 5 M1 B R R F] B 5 SO AR
T I B X6F bl ——— 40 9 B 0% 40 5 PN 2 5 R 1Y
FERBIFAF . X T X KB SUF R A —BUR)
1500, A7 L UGS R AE 5 SO IR AT fll
G, FTREXT 5 2218 A B 4 R il T4, £ 2 0%
TRIER A o

KL, R 1A RO 9 ] SCZ 8] 15 OB
i e ] SC A X 5 B 5 BRI REAIE U 4R TR] A8, AR SC
R TRTEHRL N FERE T SEESNETTHER
LR AF ST BT A A (convolutional cross-attention
and cross-modal dynamic gating, CCA-CDG), #7#!
2o A BRSSO ) A AR AT T SO IR G Bk Ry
fiE 5 38 o 25 A5 S B A8 1) 4R A He A ol 1 SRR AT il
G Bn, BER 2R ERIEAE A T S B EE A] S Y
T ERTI , ARSCH) FEZ STEREAE LT 3 N5 1 -

DA T —METERZEEE 55
BEEMETTEN ZESE P8 (CCA-
CDG). CCA-CDG K Il SCH i v A7 J8e 0t 55 il
B, G5B 4R RRE SE 0T AT 5E A9 1 R

2) A SCT AR Hh A R RS SO AR R G T A
SO RO RR AR, 3 5iR ] SO IO 55 47 1 R R
RREAIR I SCR X SR R TURAFAE . BSRES B AT 145
HBE 38 1o B A A 43 BCAIL I, Ak B i 5 1] S
5 AR 1 il & L AR B R IR — Btk A 1B SO
AE 615 B A ARG o T T A A 806 55 1Y 1B S
XT, DR B8 e BB A KRR, DT 3B A T AN DG L
fiE 1y £ T4

3) N T B8 E CCA-CDG A %M, £ MVSA-

single Fl MVSA-multi £ 5 1750 Bk, 55
2R B R0 F2 AR X L, CCA-CDG 7 1 124 it
S HRCREA . Ak, 7E MVSA-single £ 4 4
L HEAT I S, S T T B CCA-CDG &
R

1 #xITAE

1.1 BERERSW

AR E IR AT AT SR AR AU ] — AR S R kA 7
T AT AT 7 1%, FE B AR P A SUAS RN RMR 45

i S TR ] L L SOAR A R A A 1
5. Taboada 5P 2 H T 18 L5 a1 118 4% (semant-
ic orientation calculator, SO-CAL), {8 FH 7 /5 175 JE&#l
PEARE 3R] 3, D SCA 4R O IR AR AR . R AR Tk
S50V G ek AT A SR B, AR R R R A
8 18 A, ST RO R PE e B i A R
Mo BEEMLER 2= 5 UREE 5 > AW kR, SO
ST RS N A A v . 2R AEN
LM 2 M 4% (convolutional neural network, CNN)
P WU R 1 5 BILSTM(bidirectional long short-
term memory) $2& B4 s FRAE B AN, $2 T SCA S
KU TE . X 48401 ¥ BERT(bidirectional en-
coder representations from Transformers) 5 BIL-
STM 454, ¥ BERT Fail 2 7 51 &% il 1) 3t , 45 )
T8 SCFRE i A2 BILSTM, %85 8 78 35 7 4 3% 48
TSR ROR BT

TR RGN S B 9 v 3 R T 0 i
FRAE 1 G I 4 28 T ik, ol Rl 19 N T RRAE
KX G AT 4125 . Datta 45819 3 3 2 AR #E
WY BB ARRAE R AT 1% R ER 3 25 i O i, 3d it
R T GO | 8 S R AE, I
A5G SR O, BEAE T R RRE 5 1
J&Z A R . Machajdik 2507 3z 0 B 22 R 25
A BRI B A S HE AN A, SR T LT T4
X BA G IR TR 1 2R U ) R AR AR, 7
BR8P B R 8¢ (international affective picture sys-
tem, IAPS) [ 4T 7K, itk 7or2R45 R . 4
A% F MG B4y S ) B A 2 L T IR
SRR U FE T CNN B9 fIl Zh 4 A (i
VGG19, Resnetl8, Inception) K 2 B F M F-1E, I
e B EZHITIERS I, Zhou FH E T
Resnet18 [ £ #5014 - 35 b 1 )2 e it XU BR 1Y
A, $E T T K MERFE . Meena U T
VGG19 %5 2 J5 ik A7 BB I Br, S B
ARG 26 B0 26 R D FN o 28 o RS PRSI IR
3 M AE RS 1 B0 T DLERAS B4 B ROR, (B F
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SRR LG o DX — [, AR SCHE
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R4 2 P, PRI 512 e EMR 2 R FRIE V

V = Resnet18(R)

2R BBV S BT SCUARFRES PR,
1584 R RS RRIE F, o 38 3 22 2 BB ] SC
KRR B FRIE F, 5 4 R Bl & FRIE F, PR 15 3] 5
ZFIEF, AR F AL B SCR AR S AR A R
HANRFAE :

F,=So9V
F = AXMLP(F))® (1 — 1) x MLP(F,) (1)

AP AJE 53 T A AH DAL

PR AIE 7] & F il 3 Softmax )2, T H B 24 1%
&y, AR

9 = Softmax(wF + b)

X oMb ] YIGRALE R B, y e {1,0,-1} 5351
TR v P AT AR 1 R

BEXE =43 28 1), AR SOk Y 22 28 28 SR 4 2%
PRI TR RN 2R, AR

3
Li=- Z)’ijlog@ij)

j=1
Z—EEEP y;,%/ji\‘ﬁézlglﬁ :‘F‘%];‘g’ ﬁ,ﬁ%ﬁ?ﬁﬂ-‘zﬁi(ﬁ'ﬂ
MK

3 LEAnE R

3.1 HiE&E

T B AE T 4R Y CCA-CDG 1Y A &bk,
CCA-CDG 7EA B MVSA-single fl MVSA-
multi 045 4E 17525 . MVSA(multi-view senti-
ment analysis)™ FHE 42 K U5 T4+ S B4R Twitter,
Hrh i) ¥4 MVSA-single 37 T 4 869 X & 308k
W, B —XF B SCER A 1 7 bR bR IS B, B
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1 R,

F1 KEFH MVSA HiEE
Table1 MVSA dataset after processing

FIERES GAUSe itk ik BE
MVSA-single 2688 467 1356 4511
MVSA-multi 11285 4315 1179 16779

32 XWRE
S A B G AN PR IR BN ER 2 BT
®2 EUHEESRGRE

Table 2 Hardware configuration and software environ-

ment
fg uiEsy A JRA
16 vCPU Intel(R) Torch 2.1
CPU
Xeon(R) Gold 6430 Python 3.8
GPU RTX 4090 24 GB CUDA 11.8

PR Ak #% 6 $% Adam, BERT GRU & J2
4eFE ¥ E 512, BERT _GRU f4 Dropout i & N
025, HAMESERIEIIEAE LI 4135 3 s

x3 KESY
Table3 Model parameter

2 EY¢IEN

EAR 2x10°°
CIESTyNN 100
HEALFR AN 64

(VAP 18- 8

ESAZUNUN 5x5
LR AE 512
Dropout 0.05
EV] 0.8

SEEG R, B MVSA R A H IR 8:1:1 Y EL 4l
R4 VI k46 | B E 48 R 4R, B 4R TR 4015 B
W 4 Frs.

x4 BEENS
Table 4 Data set partitioning
bUEITES Pl S SRS A
MVSA-single 3609 451 451
MVSA-multi 13 423 1678 1678

SO PPk R FH VAR R (accuracy, Acc) il F1 43
0 (Fl-score, F1) AT F8 45, TTHRE SRR N

_ Nrp + Nix
cc —
Nrp + Nyy + Nep + Ney

N
p= TP
Nrp + Nep

N
R= TP
Nrp + Npy
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R, F RN F1L 8L, N HIE B8, Ny
LA ()RS B, N B B8] A B, N R AU 151
SR G
33 XtEERE

K MVSA BCE 5, B XA [ 1 17 T840 B A5
TUFF I 45 5 85, S B UE CCA-CDG B A 5k .

1)BERT: % BERT-base it SCA /3 Hr 5 12,
T A AR B, B R SCAS SRR AR S B B AT o

2)BERT_GRU: i F i JIl 4 ) BERT 345 3¢
7 ia] 1] &, AE 9 BUIE) GRU B9 % A o i B 1]
GRU it — 5 & BUSCAREAE F T 18 185347

3 )Resnet18: 1 A 1)l 2% Y Resnet18 FiY, £
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4) OSDAM: Jt T Z AL 1A 3 3 ) 4% 1) IR
AT TR, 5 T YR RRE A S R 2R
18 o RS I B X G2 A 1 v 40 R
ik, [r] s, A AR 37 S5 A R 5

5) MSNMP4: ik FGURAE S | 5 19 LSTM J7
e, PR IO I R 3R], 8K JE X SO
FRIE S BRAHIE TR A .

6) COMM: JF 42 N 4% 1 70 58 PN 25 11
AR H AR,

7)MVANU LT Z2 00 1R R 25 1) 2 B
5 I T AR R, 1) FH 2 TR 285 e 2 AR SR B
EIR SCA R .

8 ) MGNNSPL: 5| A Z2 38 18 ] it 25 ) 465 3R HUE
P 2R R IR 2] ZRS RN, FIHZ R ER
TR S B0 22 A A TR B Rl ke T S SCAS o

9) MITET, M5 B A8 B AR, A I 22 S bl
il AR S Sy F 18 SCREAE A OCHERE R T 1 R
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10) CLCAF®: J i XoF He 2 ) 1 221
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5i HCMABIHIE Hh 2 > bR 25 R AR O fiE

1) MAMF®T: 56 22 2 3 38 7 BIL] 9 18 S X
P2 R M RS, A P T B ML 51 = i
M5 SO AR AL, AR & DX 7> H i

34 RBERS5HH

h T VAl CCA-CDG A &4k, 43 i A SCAS | &
1% F1 & 3C 3 4~ )5 1 7 MVSA-single Al MVSA-
multi $HEHE HEAT X S, AR 5 iR .

RS5 MEEXBER

Table 5 Comparative experimental results

"~ "™ MVSA-single MVSA-multi

L B Acc ¢ F1 Acc F1
YA BERT 0.651 0.643 0.647 0.623
BERT GRU 0.673 0.651 0.668 0.659
e Resnet18 0.623 0.612 0.626 0.625
OSDA 0.667 0.665 0.666 0.662
MSNM 0.681 0.677 0.681 0.663
COMM 0.705 0.700 0.699 0.698
MVAN 0.729 0.701 0.723 0.723
i MGNNS 0.738 0.727 0.725 0.693
MII 0.740 0.733 0.708 0.698
CLCAF 0.764 0.756 0.705 0.679
MAMF 0.765 0.753 0.743 0.741
CCA-CDG 0.771 0.767 0.758 0.749

TE: L CRAS L4,

Hy 2% 5 SO0 S S nl J, 7E R — 8R4 b, 24
A WYAR B AT 5 VR AR R T BRASZS AT B% a3 #  vk 43
PR AT, UL A [ B 25 R SCAR R 5 R R
fiE, REWS 75 70 B FH B 25 =22 18] i HAMIE 38, i 2
ESE R R TSR S TR

A SCHE Y CCA-CDG 7E MVSA-single 54
£ F Acc 5% 0.771, F1{H 5 0.767., 7 MVSA-
multi $04E % E Acc {4 0.758, F1 {54 0.749,
Acc FI F1 I{E AR T 24§ 3 i 2 8818 B B
BAL, MSNM #528Y H 5 OC T SUA R, 20 T K
BAEAE EEF R, COMM I 7F K] 338 i 25
S TUARAR B, MBS R . MVAN AR A
MGNNS #5722 f GO 1A B, (0 R AR DG i %
&) SC 22 )49 SRR E . ML A 50 T MAMEF 46 %0 5
o R T ARAT B SO RO, fR T T B SO
JEEOGS 5[] R, {H A BB 7% 1 PR SR X 5 1) I 4 A A1
) 2L . CLCAF A5 R AR 35 25 B p 28 ) 4% il
Transformer ff #, i g T B RRAE 14 70 4% 0] 8L
5 K BE % & 3] 4 J5) 45 1F X175 2% 4 M 4 JEAE o
EE X R BRI AF AE M BT, CCA-CDG % J& 21| {14
50 Z 8] () SR, 38 e A YT R S A
XiF 55 B SCIE R AE 5 38 B B A s A T T s B
Bl A J3 B AR E ER 5 SCA /Y 15 B0 55 Rl
G A, PR B RGBS B, 5 [ s S i 4
SR RRAEAE R A T8, SEAT AR BRI o AH X T R
R LAY, AR B RO T I EA , T

fhHabn¥a pr 17t
3.5 HELSEIY
J T UE CCA-CDG By A &%, 78 MVSA-
single F1 MVSA-multi £048 8 b 471 @l 52 5, 56
LSRRy I
1)-Conv_Cross F7R 23 BR A5 FAE I B 118
2)-Conv F/n LR EZE;
3)-Gate 7~ KBRS BSSNA TR
4)-OriLink 278 £ BROR B R AR REAIE ;
5)-Content /R K bR 42 Jm FRAEIE A
THASL IR 25 RNE 6 iR, MK 6 45 Rk
M, CCA-CDG £t BRI & S B KL R
B

Fo6 HMLEER
Table 6 Ablation results

N MVSA-single MVSA-multi

ik Acc gFl Acc F1
-Conv_Cross 0.701 0.694 0.682 0.676
-Conv 0.761 0.754 0.742 0.736
-Gate 0.714 0.695 0.708 0.683
-OriLink 0.723 0.703 0.720 0.696
-Content 0.756 0.741 0.738 0.724

CCA-CDG 0.771 0.767 0.758 0.749

T MOHLACRAS N AL

1)-Conv_Cross fll CCA-CDG #H Hb 43 SRR K
& E R [, 368 CCA-CDG 613 R F SCAR Z (8]
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) DG IR P, AR R 5 SCA X S R-AE, R 5 2
T BN B R

2)-Conv fil CCA-CDG X HHKG B W 13 T [, 150
A F SRR AF X5 55 R, RRAF 280 35 B2 B U B
PETH I ERRAE, BT BRRAE XS 5 o

3)-Gate fll CCA-CDG AH LR N R, IEH T
PSS Bl A T A B BB A% OC 1 T SC I X 55 il
AN TR) ] ST SE A 6T 43 BEAS ) il A, 490 1] P61 SCAS
VCRCEL G o

4)-OriLink fl CCA-CDG M b 3 E AR & T
-Gate, Vi HH7E Il A XT 55 (1) 2R Rl A i, P8R
14 J 4R REAE T R ARG BRRIE .

5)-Content il CCA-CDG #H I, 2554 R 4H1E
IRA R TR AR . U BH & JR R IE A —E 1)
FRAF B AME T, BERSHE T T00RS B o
3.6 EEESHIE

T VEAR IR LA [ S G N R Y P
fEZ %, L T CCA-CDG £ MVSA-single #ll
MVSA-multi #4545 _E AR 5B KN B
k¥ M R IER A AL EME AT M Ace Ml
F1 {H.

% 78 B 5 B R /NN 4 BURR A 42 B 25 7
P, BT 3.4.5.6.7 3 5 FEBEK/NHXT
SIS, BUEXT CCA-CDG 8 B4y 8 MERERZ i, 5296
SERME 4 FrR . BEBE KNG S B, 528584
R fl. BN 30, R T ERZ N
4 [P 53 AR, X R TR Sk i /N ) o R FR A 76 =)
TR AE G T, AN BE A R M I B AR AR G &R
PR TR IR B T o SR, BB R /a3l
H6.7 B, S ABOR B R, ORI A K
B B R 3 G 1 4 JR T Z 0 R A A, S BUE R
A7 E TG R AFAE , AT 78 A UL 3k ) i 172 fk fg
AR A 5y o

0.78

Acc fl1 F1

—— MVSA-single Acc
0.70 b -4- MVSA-single F1
MVSA-multi Acc
MVSA-multi F1

3 4 5 6 7
E A NN
4 AEERZLKINITR Ace 71 F1
Different convolution kernel sizes correspond to the
Acc and F1

Fig. 4

% &3] CCAM HiE & J1k %= X CCA-CDG
PEREFZ M, AR SCIE'E T 4.6.8. 10 L 4 3=
SLECE X L AC S, SEIR AR ANE S frs . BEE
S D 4 B 8 BRETHE N, LAY 43 IR i
o SR, S B E mE 10 B, £R MR
WRFE. ERBERERFEE, Yk mw
A, AR Ab B W) B G S A2 R, il A A
i, BERVE RE 7540l 4R 7 A0 v B 2 RRAE 5 Sk R
i K, AT RE S B0 AL 22 5 BB R TUAY RRAE,
HE I S AN 23 SR AR M BB A R S BT PR B T, 8 m
T A K . BT LA, R TSR 8 1), BERE
N = I 1| R N 5 WY (= S T s
FER IR B et

0.78 -
0.76 -
0.74 -

0.72 4{”/

Acc Fll F1

—— MVSA-single Acc
0.70 | -4- MVSA-single F1
MVSA-multi Acc
MVSA-multi F1

0.68 - g
4 6 8 10
TER T kB
BS5 REESENLBEXR Ace 7 F1
Fig.5 The number of different attention heads corres-
ponds to the Acc and F1

X (1) 2 R R AE i il A A EE A, 4l
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K 6 Fin. B A 0.6 38 %] 0.8, & K43 2554
BB E Ik RN A, M A=0.9 i, 232808 A G
A=0.8, XN A 4 R RFEAE M R AE AR FERT, 22
/N, Sl A R R R 2 K, BT B SO SRR
TESETEERRAR . 2 Aad K, 4R e e 1 B k&
REARR, JCIAE N b T8 R AE 52 BB 4 1 () 175 SR

0.78 1
0.76 |
= 074
T
=
3
< 0.72%
r
- MVSA-single Acc
0.70 -4- MVSA-single F1
MVSA-multi Acc
MVSA-multi F1
0.68 . . g
0.6 0.7 0.8 0.9
A

B 6 ARAMEEXIE Ace 1 F1
Fig. 6 Different weight values A correspond to Acc and F1
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J9 7 E— B UE CCA-CDG 7E &l ST B 43 #r
M A 5, BEALAEL MVSA-single 0854 £ 551
P AT R HIR B4 M. L T CCA-CDG., Res-
net18 A1 BERT T A9 1% I bR 4 . S 10117 9] 53 7
o ZEFE A IR R SCAS R ID L EHRAE B SO E
B R SRR L FLSE AR S | Resnet! 8 1/ JEk i il
255 .  BERT [ B HUil 25 S A CCA-CDG 175 2% 1t il
53, BRI REE RN E 7 iR . EHE 7 A4
K SCxt o, CCA-CDG IERA T 6 4, % 5 7510
1 /1>; Rsnet18 A&7 \E A 7L 5 4, 451% 2 1~; BERT
B TE A T 4 A, R B0 3 A, L ZE 55
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A B8 1 1 15 5 9 AR e L o b T R P A R A
] o B0 ID2 rfr, SCAS A e 1) e, (25 3]
IR N 255 K B0, FH P B S 1 I8 2 T A 6t 1) o
IDS o, A% B SCAR AR B2 P I R, (R A B &

WA G, F PR By B . ID1 P ER R ik
S e AR SCAR BRI B H %€, BT L CCA-
CDG 7£F#IE il A B 23 3 OC VR SCA G IR AR, 1E
iff 00 SRy R A7 S . X F 2244 ID7, CCA-CDG
Resnet18 11 ) K BERT #5555 #5415 b 70 T ]
FUEIER . ID7 BSLE A th P, BERT 52 HL4 15
RTINS I A%, AT AE A BERT X bR S04
TE, J $E R Z T8 SRR AE, X SCAS Hi ik <R A5 5
247 PR gt LT BN SR 18] . Resnet18 A5 700 45 132 1
DU kg B A 8%, 2 PR S 25 RSO B, R
N 25 1 1 TR 3B A Ul . CCA-CDG 4515 T 1%
TR AR, 332 R Sy IS e N BB AE WA, i SC
AR B SUE B S BB AE BAE BR M 5F. FEE]
SCRHIE Al A B, BB S A T T AR HO T KW 1]
P AT 56 1 B AR RRAE P, S 28RS R A Rk
DX gkl A Y T 5 S T, WD T O SO B oG
T, 5 SO ST A R

x71 ZROHIRG
Table 7 Case example

SCA

FR%  Resnetl8 BERT CCA-CDG

A )

IEFEELD)

B4

Thank you to Eastwood 8th grader Sam L. for helping
hang 7th grade #SafeDates Valentines Day cards.
#Caring (gl /\ -4 2% 4= Sam L35 B LA
AR I #0)

positive neutral(x) positive  positive

This year, for the first time I'm doting on kouhais...
normally I'd be like (S4E55—IRIX A% )53+ F  negative

negative neutral (X) negative

The reason why this devoted dog is in critical
condition will make you cry. (iX HEIAIIILE TfEE negative
RS E A T ERTETH)

negative  negative  negative

AWFUL...I'm the worst kind of person. ( AJ fAf -+
FIEHIRIRFR A

negative negative negative negative

Taylor Lautner's Looking Huge!? His 2 Step Muscle
Shredding System Is Flying Off The Shelves?(Zg
RPN R T VR 7 AP L 285

positive  positive neutral(x) positive

1940 PTC Map of Philadelphia: Showing Street Car,
Bus and Subway-Elevated Lines.( 1940 PTCZ 35l
Bl BRA RS AR ERMbA S IR )

neutral neutral neutral neutral

Red Team finished 2nd today at the Lineman
Challenge. ( £1. A4~ K¥ELineman Challenge 3815 T

neutral positive (X)negative(x)positive (x)

TR IR R R O T2 2R o



* 1008 * OB R & ¥ M 520 4
éEIJ: % -‘Lié_ 104-110.
LIU Ji, GU Fengyun. Unbalanced text sentiment analysis
AR B T —METERENEFERE N SERE of network public opinion based on BERT and BiLSTM

BEEITENZHESE RO ER (CCA- hybrid method[J]. Journal of intelligence, 2022, 41(4):

CDG). 5 1 et B 22 B s I I 7 20 PR 1% 104-110.

i j(z,gzlﬁj rﬂflu\ﬂng»ﬁ E/‘J I‘EJ @ . CCA-CDG Y. )EH [6] DATTAR, JOSHID, LI Jia, et al. Studying aesthetics in

LA X I HLE, RES A R %I:\, FH 3k & 1% photographic images using a computational approach[C]//

G — B R . SIABBEE ;Z:Z:;ng "21310‘;?—2253120% Berlin: Springer Berlin

MERR, & /\% jiii;ﬁzjj AL R %Hjizlg T [7]  MACHAIJDIK J, HANBURY A. Affective image classi-

LAY mm Al A, B AT A I P SR AR R fication using features inspired by psychology and art the-

it mﬂ*& A B f%ﬂ: ﬂ“ﬂi IE‘I %FE{ FI P 1%$ﬂ A ory[C]//Proceedings of the 18th ACM International Con-

iV X1F‘ B 1 R %1% qj i T A ﬂz ., CCA- ference on Multimedia. Firenze: ACM, 2010: 83-92.

CDG & T 4] %é)% FRES SCA EFSCHEME  [8] ZHOU Yitao, REN Fuji, NISHIDE S, et al. Facial senti-

RRRE AN TR, 5 SO A B E AL A, SR ment classification based on Resnet-18 model[C]//2019

A 5 () {7 BRI International Conference on Electronic Engineering and
[G] B AR SCHFFEAT IR AT AE— R W Ry B A2 1) CCA- Informatics. Nanjing: IEEE, 2019: 463—466.

CDG ft it 7 1 Sc & e %t %2 | i i B AE T 4] [91  MEENA G, MOHBEY K K, INDIAN A, et al. Sentiment

B5 {5 R O v R S B R 2 5 AR AR analysis from images using VGG19 based transfer learn-

W AE . o AL S RS B S [ M e ing approach[J]. Procedia computer science, 2022, 204:

ﬁi—?‘ {j% F0 D7 rEXREREAAE, BRI Bi/\ [10] ilAlNg iiaocui, FENG Shi, WANG Daling, et al. Image-

%HE)%\%M‘ B, SEHNHERAM. 2) QAN text multimodal emotion classification via multi-view at-

Rk, NIRRT RS, 25 S B . J5 220t tentional network[J]. IEEE transactions on multimedia,

FE R M 28 )2 AL, B“1EE1‘;%?*”’E+E o 3) 4 2020, 23: 4014-4026.

RS2 P 35 BRI Z RS R 8L R 1) sk, sk, i b R O HLRI 0 S 5

AT — 2l BT 2 BESH FURR RSP BT[I]. TSR 5 ILRR, 2022, 45(11):

. . 170-177.

7(5;-% X Tﬁk : ZHANG Jidong, ZHANG Huidi. Multimodal user emo-

[1]  YUE Lin, CHEN Weitong, LI Xue, et al. A survey of sen- tion analysis of emergencies based on attention mechan-
timent analysis in social media[J]. Knowledge and in- ism[J]. Information studies: theory & application, 2022,
formation systems, 2019, 60: 617-663. 45(11): 170-177.

[2] TABOADA M, BROOKE J, TOFILOSKI M, et al. Lex-  [12] #7715, BR5L4, 58, 2. 6 T2 S BB 22 B R 258 i
icon-based methods for sentiment analysis[J]. Computa- P LRSI TR SRR, 2024, 18(5):
tional linguistics, 2011, 37(2): 267-307. 1318-1327.

(3] /RN, BEZs. JET 225K R da) BB 0] 45 ) vp Sl YANG Li, ZHONG Junhong, ZHANG Yun, et al. Tem-
15 HrAF L[], T EALN 5544, 2019, 36(9): poral multimodal sentiment analysis with composite cross
93-99. modal interaction network[J]. Journal of frontiers of com-
WU Jiesheng, LU Kui. Chinese weibo sentiment analysis puter science and technology, 2024, 18(5): 1318—1327.
based on multiple sentiment lexicons and rule sets[J]. [13] ZADEH A, CHEN Minghai, PORIA S, et al. Tensor fu-
Computer applications and software, 2019, 36(9): 93—99. sion network for multimodal sentiment analysis| EB/OL].

(4] 27, TR, HT CNN A BILSTM R 45E Al 1Y (2017-07-23)[2024—09—06]. https://arxiv.org/abs/1707.
SCARE AT, AL, 2018, 38(11): 3075— 07250.
3080. [14] HAN Wei, CHEN Hui, GELBUKH A, et al. Bi-bimodal
LI Yang, DONG Hongbin. Text sentiment analysis based modality fusion for correlation-controlled multimodal
on feature fusion of convolution neural network and bid- sentiment analysis[C]//Proceedings of the 2021 Interna-
irectional long short-term memory network[J]. Journal of tional Conference on Multimodal Interaction. Montréal:
computer applications, 2018, 38(11): 3075—-3080. ACM, 2021: 6-15.

[5] X4k, Wi z. 3T BERT 5 BiLSTM IRA kMg [15] HLT RS A Y R A A I T

B AR SO O HT (0], TR AE, 2022, 41(4):

T, IV, 3
AT R B 2 B SO . B4R IR,


https://doi.org/10.1007/s10115-018-1236-4
https://doi.org/10.1007/s10115-018-1236-4
https://doi.org/10.1007/s10115-018-1236-4
https://doi.org/10.1162/COLI_a_00049
https://doi.org/10.1162/COLI_a_00049
https://doi.org/10.3969/j.issn.1000-386x.2019.09.017
https://doi.org/10.3969/j.issn.1000-386x.2019.09.017
https://doi.org/10.1016/j.procs.2022.08.050
https://arxiv.org/abs/1707.07250
https://arxiv.org/abs/1707.07250
https://doi.org/10.3772/j.issn.1000-0135.2023.05.009

# FRIRE, 25 BT B RS R 1 5 BB B A5 1T I 2 B IR B Y

* 1009 -

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

2023, 42(5): 611-622.

ZENG Ziming, SUN Shougiang, LI Qingqing. Multimod-
al negative sentiment recognition in online public opin-
ion during public health emergencies based on fusion
strategy[J]. Journal of the China society for scientific and
technical information, 2023, 42(5): 611-622.

W, RN, AT e ZRERESmENZE
RS T7 G A AT (], THEHL TR 5 R H, 2024,
60(22): 172-183.

YANG Ying, QIAN Xinyu, WANG Hening. Multimodal
aspect-level sentiment analysis based on multi-granular-
ity view dynamic fusion[J]. Computer engineering and
applications, 2024, 60(22): 172—183.

GAN Chenquan, FU Xiang, FENG Qingdong, et al. A
multimodal fusion network with attention mechanisms for
visual-textual sentiment analysis[J]. Expert systems with
applications, 2024, 242: 122731.

DEVLIN J, CHANG Mingwei, LEE K, et al. BERT: pre-
training of deep bidirectional transformers for language
understanding[C]//Proceedings of the 2019 conference of
the North American chapter of the association for compu-
tational linguistics: human language technologies, volume
1 (long and short papers). Minneapolis: ACL, 2019: 4171—
4186.

BAHDANAU D, CHO K, BENGIO Y. Neural machine
translation by jointly learning to align and translate[EB/OL].
(2014-09-01)[2024—-09-06]. https://arxiv.org/abs/
1409.0473.

DENG Jia, DONG Wei, SOCHER R, et al. ImageNet: a
large-scale hierarchical image database[C]//2009 IEEE
Conference on Computer Vision and Pattern Recognition.
Miami: IEEE, 2009: 248—255.

SIMONYAN K, ZISSERMAN A. Very deep convolu-
tional networks for large-scale image recognition[EB/OL].
(2014-09-04)[2024—-09—-06]. https://arxiv.org/abs/
1409.1556.

ZHU Tong, LI Leida, YANG Jufeng, et al. Multimodal
sentiment analysis with image-text interaction network[J].
IEEE transactions on multimedia, 2022, 25: 3375—3385.
NIU Teng, ZHU Shiai, PANG Lei, et al. Sentiment ana-
lysis on multi-view social data[C]//MultiMedia Modeling.
Cham: Springer International Publishing, 2016: 15-27.
XU Nan, MAO Wenji. MultiSentiNet: a deep semant-ic
network for multimodal sentiment analysis[C]//Proceed-
ings of the 2017 ACM on Conference on Informa-tion
and Knowledge Management. Singapore: ACM, 2017:
2399-2402.

XU Nan, MAO Wenji, CHEN Guandan. A co-memory

[26]

[27]

(28]

[29]

network for multimodal sentiment analysis[C]//The 41st
International ACM SIGIR Conference on Research & De-
velopment in Information Retrieval. Ann Arbor: ACM,
2018: 929-933.

YANG Xiaocui, FENG Shi, ZHANG Yifei, et al. Mul-
timodal sentiment detection based on multi-channel graph
neural networks[C]//Proceedings of the 59th Annual
Meeting of the Association for Computational Linguist-
ics and the 11th International Joint Conference on Natur-
al Language Processing (Volume 1: Long Papers). [S. 1. ]:
ACL, 2021: 328-339.

T4, SR, FETRESE B ACH Y Z SR B
(7). TEEHLY FHHFZE, 2023, 40(9): 2603—2608.

CAI Yuyang, MENG Zugiang. Multimodal sentiment
analysis based on modal information interaction[J]. Ap-
plication research of computers, 2023, 40(9): 2603—-2608.
LU Wenjie, ZHANG Dong. Unified multi-modal multi-
task joint learning for language-vision relation inference
[C]//2022 1EEE International Conference on Multimedia
and Expo. Taipei: IEEE, 2022: 1-6.

JaltsE, A AR BT 2 SR B 4 1 SO 217 I
AT, THEHL TR S 31T, 2023, 44(6): 1853—1859.
ZHOU Ting, YANG Changchun. Image-text sentiment
analysis based on multi-level attention mechanism[J]. Com-
puter engineering and design, 2023, 44(6): 1853—1859.

(=AM

FIRTE, 82, TR AR
MLT A2 Be e, o B A b A2 3
oA O, 32 B 5T 5 1 o LB
BRSO BE A B . ERFER A
REBMEIEA T FHA 15, b E A
b E R A T R
AR50 K5, MR 1 B, E-mail:

zhongzhaoman@]163.com,

BROR A WA, BRI
] Ry ARG BT B KBRS
537 o E-mail: ffanjdong@163.com.,

sk, BRI, ST 5 1A
W 4 Bt o3 B | O TS R A o
E-mail: zhou90616@gmail.com,

[ BeAT4hif: T4


https://doi.org/10.3772/j.issn.1000-0135.2023.05.009
https://doi.org/10.3772/j.issn.1000-0135.2023.05.009
https://doi.org/10.3778/j.issn.1002-8331.2309-0082
https://doi.org/10.3778/j.issn.1002-8331.2309-0082
https://doi.org/10.3778/j.issn.1002-8331.2309-0082
https://doi.org/10.1016/j.eswa.2023.122731
https://doi.org/10.1016/j.eswa.2023.122731
https://arxiv.org/abs/1409.0473
https://arxiv.org/abs/1409.0473
https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556
mailto:zhongzhaoman@163.com
mailto:ffanjdong@163.com
mailto:zhou90616@gmail.com

