20254 7H EtEMEMRXRKXEZER July 2025
5155 T Journal of Beijing University of Aeronautics and Astronautics Vol. 51 No.7
http://bhxb.buaa.edu.cn jbuaa@buaa.edu.cn

DOI: 10.13700/j.bh.1001-5965.2023.0365

ETHREXBEARNINEXXIERThEE

1,2 1,2 N> 3, % s e g 1 2
WEE S, TFH -, KBEE, %@
(1. sRDUBHE R AL SR 2B, 2RIX 430065; 2. RDUBHE K FHEE S 5900 Tl REHIIL A F g, Bl
430065; 3. WACZ AR WIHLEEE S dr o, 2RI 430205)

1] B HXERFHEXFERS T ERARNAAEERNL, HARBZF AR EBEETL
B (NLP) UM Z K E. BT, 4B B SUR R AT B8 503t 5 & o B8 B AR OUR RS, 4
MR FERSHENEEXASHF RGBS, IAREREEFERE ORZ B FE—Z% K
FR, RUEETRERELERENNESHELH (SA-JIA) J7ik. %77 i RoBERTa # X ] ]
G # 0 (Bi-GRU) KR ESUA KA FFAE, ] ResNet50 SR B E GALw AF4E, AHKAER S K

REAXFREERE-—HWEE RS, REFHXAMEGREHFME, RARELEENREES

BB AR E, AHTEBEAEMTH S,

TR K E R 4 EHE S, & ISTS-CN # 48 & F1 CCIR20-

YQ # & AT T BRI, EREW: PRI E BRI R E SRR AT i B

x # i\
FESES: TP391
XHAFRERE: A

W& W 28 R 1Y H 25 A e, Ok B 22 1 FH P ik
P38 2 A S AR F A WL, ARSI R AT 43
SERH F AT AR AT A T T P AR R
S, AL RAT SCAR NS, R ST AR N2, X
S PR BGE 20 5 A P RIS S B . BRI, 4+t
AR Y 18 SO 43 B 5 B B 2 B Tz
Kl

AL, FH A g A s R SO, i H
DLZ IR EMR . A5 Z IR BRI E G SN
BI4E . BRI, BUAT #1 8 I A 1 8 o A 22 LA SR
B P SR SRy A, 2 DL AT St e A SCAR X A 15 SR
Mr#F5E . Truong 255 I & 1 1] [i] 18] 4 SCAS X b AL
SPGB AT AT 5T, F L T 4 v g e RGO A 2
UL A R A JE ) B ) B A PO [, DR, DA
QAR BT FR IR X 55 SCAR, B X Sk U5 B — B R T
VR B AT T SO A A o AR SR 4B T4k

HRER;, EXHREMG BREEEN; REEEN; SHEARS

TEHS: 1001-5965(2025)07-2262-09

SCHER AR, MR IR 2 R, 26 55 1 IS BN =F
L EHEATPRE . BEAE R B A W A 4%
T U] B AR B, R SCAS R R 19 SR A 1A R
JE TN, T 17 S ) L ) L ] R 1 17 e b F i
JE i, B AR WA AR LA R I BT, R URE AR
ST 07 A S WEAAR I T gk RO . BN 4
AT H LASCAR 85 TR 4 5 U 1 IR, i XRE A8
L e 4 SCAR A AT 5OR 2 80 1 B O g (EL i
ERGE LAEEE W SIN PR B2 S NI &2 8 &N
HEEZ AR RS RIEAFE . TUE L, A T7
TEARBE LI 5 IR IR 4 p ok 3 B85 ORI —
B B SCAR “HYAUR R B R H E #R
7B, AT R R A S, BEE O — sk AT
JE¥S [ O RN A — 3K A RO BT A
“H T FNT ANHEC P A AT AR R SO R A
175 I 5 SCAS 9 TR 3k O SR T R AR PR 3R

Yr¥s BHHA: 2023-06-15; FH BEA: 2023-10-12; M4 HARATE: 2023-11-23 15:37

P 4% 4 R b ik« link.cnki.net/urlid/11.2625.V.20231122.1324.001

BEEWE . EFEAKPEES (62271359); EFHFEA TSI H (23ATI005); “TIUH” Bt a8 (BF) BH (2023D0302); #

JEBEHEF TR E S H (20192202)
* B {E1E#H . E-mail: yfzhang@hbue.edu.cn

SIFs: HEE, TFH, KH#E, F ZTHEXZEZY O EXFREAMT % U] BTHEMAAFZER, 2025, 51 (7) : 2262-2270.
HUHJ, DINGZY, ZHANG Y F, et al. Analysis of image and text sentiment method based on joint and interactive attention [J]. Journal of
Beijing University of Aeronautics and Astronautics, 2025, 51 (7) : 2262-2270 (in Chinese ) .


http://bhxb.buaa.edu.cn
mailto:jbuaa@buaa.edu.cn
https://doi.org/10.13700/j.bh.1001-5965.2023.0365
https://doi.org/10.13700/j.bh.1001-5965.2023.0365
https://doi.org/10.13700/j.bh.1001-5965.2023.0365
link.cnki.net/urlid/11.2625.V.20231122.1324.001
mailto:yfzhang@hbue.edu.cn

57

HIECE, % JE TG 2 H T B SO B M T ik 2263

AL T LA, R R A O T 17 JR%, 45 R SO A
TR R — B, (HRA S B9 B 41 IR0 338 1E T
SR 5 EISCRAR S O — B, X R P AR E R
5 SRR IR AR — BB G, 2352 0 [ 52 SCAR
I HT YRR

SRR b3 (R, AT R i IR A R R R SCA
TR B R, A SRR I R TR S S BRI
A WA T SC 43 BT (images-text sentiment analy-
sis in social media based on joint and interactive attention,
SA-JIA) J5 ¥k, %5 e R IR G TE B I RIE XA
AR Z 18] 19 IR — B R 0k B R BB TR 075
) F1% P S0 i R AR o A B 52 TR R T kAT IR S
AR Rl G, 32 T 56 R I SO I3 284 55«

A SCHY F ZE R AR LT 3 )7 i

1) 78 SR B G T 50 o 5 1 IR SCHRAE Y 1
JRR A DR, X4 A 1 SRR A T AR 2 1) 1 A
BV RC, DT 9 B SCRFE RS .

2) AR AS B R T, RS Y KRR AR AN
SRR 2832 B B ) R L AT R AR AR B B AN
13 BT AR R &, 2 T 56 B I ST BT o

3) MIEH] SA-JIA J5 12 (A RO, 78 SCHE AL
IR [ ST IR AR Al 4 IsTS-CN RITPE 155 17 I Ak 4 42
CCIR20-YQ bit4T T2 Ha sk . 58U £ Tk
FHEG, AR ST B TE SOk S8 IR P 4 SOA X 17 IR 43
PrRCR SPERE T IRAS 1 B AF A 45

1 HxXIE

1.1 XARERRSH

FLI B SCACE Sy B 3 By B T R LY
1k o Stone! 3 1 ) 1 JER ) R TR B SCAR 1
A I P o B BIL A 27 2] RN B 2 2 1 ke, Xof
T ARG IR AT B 5 AR W AR 15 2 F 2 FE, Wiebe
SO R A R RNE R, R AP 2% 2] 3 S A T
TR T ALY, Basiri 26 I F 2 4Nt 57 A9 3L
In] 4 %5 1 i 12 (bidirectional long short term memory,
Bi-LSTM) W 4% Fll|"] ¥ #& ¥ . JC ( gated recurrent unit,
GRU) >k £ W] 8] i o ok 25 AR 9 7R SCfF &L,
W KA i 1 SCAR NG M A8 R A 1 o

UT AR, DL T R Ta] 28 e i 10 g 65 4% R R
(bidirectional encoder representation from transfor-
mers, BERT)" 4y 3 (1 Tl YIl 21 75 A AU Bl 132 1o 1)
TG B W48 . Dai %™ 3 & B 1LY BERT
I 45 (robustly optimized BERT pretraining approach,
RoBERTa)"™ J5 12 25 jg LA I8 i) 24 5 1) (4R AF ) 7
5, I T SO A TS . Wu S5
P L — AR RO B G R S22, G 4 S T R Y 67

15 5., IF00 I 1 2 AL 25 5y R A R S
) Z B TR LR

AR SO R ST M RN — 2 B IR, EE AT
AT B R B W E A Rk I,
Z RS NG B T BE AT AN AT 1 Sy S, SR A
AR IEERAER . R EWRY, M L3
— ARG BB, RS RO T RO 4.
12 EXERS R

Wil 5 Ak 22 AV & 8, B P T e LA R S0 5K
STENE, SR HTWG] 7O E T
AN AT SCAAF A3, RS R B A5 2]
PR FEAE, OF B S TSRS, A [
AL EAER . WSS RE T2 AEE T
BILTHI g Rl 19X 2%, 38 2ok 3 b 43 T 7 2 - |
S SCARSERHIEACEE , AR A T B AN SRR AR . H2
AR TC ARG LA W Y 2 OCHAE B, I H 25
AT A 1 AR TUAY . Han 251 $2 H X
XU il G 0 26, X6 2 TS 28 RRAIE 7R 14T 22 S 4
SRR, JE TR BOBEAS [ A M MR B . T sl
P — AN T 2 E R A& T R ) &, it T
ST SCET RE, 2B 2 A R AE
#ho Wen S I SRS R SO TR UM LS, I
SIA TR B SO R kE, Al 5 5B A 00 4 5K
N N B O SN CN  RA A N E P X = SN {0f -2
Mo, DT A= il B A T SUAE B Y B SCRRTE . TF
H, W58 3 8 B8 28 WUI 25 A 7 S il | 42
$5 Z 8 X ] Transformer (multimodal bitransformers
MMBT)™ EF-CapTrBERT"" 7 [N fit) £ 15 25 i 44
BEAY, Z 3 5 R0 60 22 8] Y DG BRAS B, BRETE K
BOCAKT R . USR] 2 5518 2 B AT 55 vh B Al
BOR, {H X S0 L2 R T 2 A 1Y 22 41 6 B TR ST
X, AR REH T R4 5 SUAR Z A B N TEEK &R o
1.3 Transformer 4§

Transformer [ £ "7 4 B3 51 A T #ih e bl
H 7 (neural machine translation, NMT) 4%: 45, H: i,
o B A% AR w4 B ORI AL S BT W
Transformer, 7E5E)2 A & ) 25, bt a5 k04
i iE o — AN R R g R, o, A AR
BEXT B bR SCAS 1 B A 00 2 O IR SCA I B o
£ Tsai %" ¢ Transformer 1Y 3LAH ¥t T —Ff
KX FF Z ST 5 1 2 #5238 Transformer K OCF 15
AN TRV ] 20K i 23S T 91 22 ) Y 28 L, I 08 A 1l
i — AL S N O — B, DA 3] s 19 O XAk e
TSRS Z RV BE AR FE R IR, A SCH: Transfor-
mer b F B 283, i A8 B 2 B AU 4544,
FH LA G 2 P SORES ] )RR AR AR 2 B AR, 2 T 6 51 3¢



2264 b3 M2 it KR %% % ik

2025 4F

FHIEBEAT RS o

Gt BRI TAE R, © A S B SO
I T TEAFAE AT ) (D 2RS4 S A 1 14
BRZA I8, 107 AT BIF ST 2L X B P SO0)
BEAT IS AT, BT X ER 2 R L TR P A [T 4
SCAKT (5 S T AT ST AR R A0 s QBAT B4 05 1 R
RETE B IR AL S CARZ M C R . I, A

RoBERTa+Bi-GRU

AR
R T

SCAFFAE

IR AR
ResNet50

WeEERT

RO E 5 5 SOR Z Rl R — 2 (E 8, A SCHR
HSA-JIA T,

2 KRNMFE

A% 3C SA-JIA F7 1 1 LA K 4 S 5 fiF 5 TR e |
B2 VR RS ) M A0 T A e R, A
HELL e 1

HOCAREAE

Linear&Softmax

il FRAE

B AR

1 SA-JIA JriHEse
Fig. 1 SA-JIA method framework

R AIE A JBURSE Tl P B 1 TR SCAS R AIE 4
W T3 v, 43 S0l 4 B IRT 8 A SCAR e 3 38 15 JE 1 Ry
i 5 562 T 0 A Aol P 3 0 A 4 R 4 SR — 3L
PETEIEAE B, LA 95 [ 48 R0 SCAS A RF IR R 55 22 B
1 & 1 LA Transformer A 5&filt, FH LLIGTE B SCHRHIEZ
[a] B9 5 AME BT Al &%, 28 Linear F Softmax f&,
X1 RRIEA T 23 S N
2.1 FHEREURR

5, Bl S OO R AR YRR AIE o X T

SCAKE, HH T RoBERTa 1] L2 2J £ 0 5 2 UK 1)
B X AF A, MiAUH GRU(Bidirectional GRU, Bi-GRU) !
Al PLAE ) B AR R WY UAE S, M S5 6 ] LUAE
G SCAI SE B 2 JR IR 2R B BT AR BRI,
T B G 1l 2 ) SCAS Y SCRa o PRI, AR SCR
RoBERTa I Bi-GRU AH %% £ () J5 2% SCA HE 47 4
TESRH . s T 501 25 4F 1Y) RoBERTa X SUAS #4757
i, 15 B SCARNFALE Fr_poperra:
Fr_poperta = [flsfz,"' SR ’fN} eR™ (1)
X AR THSTRRIA f, N m A58 LR 3
W SCRFE; N2A RoBERTa 7 4 i e KK &5 d
RoBERTa %ij i 4E 2, HU{H 768

HK, R Bi-GRU #E— B4R OCA Y 1 7F 3¢

58
h, = |GRU( fm)@‘cﬁl(fm)] cR” (2)

P GRU. GRUZ /R W] 1416 B8 BT ; - f,, 1)
h, %33 Bi-GRU 15 %; H = d), x2°} Bi-GRU [ /2

A B 2 15 e RN T R 825, d, I Bi-GRU Bz
Ji 2

B, AT H A B B A SUAS T SURHIE Fp R
Fr=[hy,hy,- hy] € RV (3)

X F E R 5E, BT ResNet50 5] A T 3% 258,
VER T BB LT SR [A] T, ResNetS0 A] LA AL #E A [H]
KN, A BE RO B AT B9 EHR, 17 B ResNet50 H
A TR R0 28 S5 48, T DS S b B BT RRAE o
I, A SR F ResNet50 X B HEATRRIEF2 L. &
Je, B EHURBOE N K IRIEE; SR 5, RIEGERS 7 T
2, {8 7E ImageNet 203847 #1254 ResNet50
AR AR L B S PRI A LS R AT o e i TR R
B 1, 224x224 K/ME A ResNetS0 4y A T, X B 45 &
AR A T PR B KSR LSRR AE F o
F; =[F,.Fy,-- ,F;| eR""* ¥ (4)

it FH B2 IR LK ISR AIE F oy, 4 15 SCASRAAE
ELA AR 2 B 0 ) i, 75 B B A0 R AE L R AiE Fyp
F; = tanh(W,F, ) € R"¥ (5)
Arh: Wy e RO A I A A
22 BREFBHRR

R Al B 1A R SCA 22 a) A R — BOE R R
SA-JIA J5 4 2R JHHR G T T 0 3l 92 SCAS 1B 46 22 ]
1 — B AR S, X SO R IA — B R AR
AT 5, T LSOOG IR IR N — B R AR A AT
B

BAERE WA A 2 Frs, a1 5515 2



57

HIECE, % JE TG 2 H T B SO B M T ik 2265

- -

y,

a I

FT\’FTz’ ”"FTA F’l’F’:’ ”"F’i;
SCRFFAE PGARIE
K2 BRaiEE
Fig.2 Joint attention
FE AN SR B2 X C -
CI = tanh(F;WCFT) € RKXN ( 6 )

A BRARAE Fy e RE, SCARKHIE Fr e RPNE
2.1 A5G Hi; We e Ry al I ZRACE AR
SCAT | B4 1 SRS A B Ay

D, = tanh (Wg, F;+ (Wp, Fr)C]) € R®¥ (7)
A Wp, e RO Wy, € ROy a] IR AL H A B4
U, I T B Az B PR AR A 5 [ B, AT
FEHL R R — BRI R g
g1 =0(Wg,Dy) (8)
Br=Wtanh(g)) (9)
K Wi, e RPHFIW, e REH A i] 1| kAN 54 o
AT RIS 1 A ap, :
ay, = softmax(B;) € R¥ (10)
X R AE AT IACK AR A5 A 5 SO — Bk fF
B E SR IEF, R

K
F1=ZaFIIFI’€RHXK (11)

i=1
o ap, = [aF,,,aF,z,"' ,aF,K]; F1j‘7% i MR R AL
ERFAE R AR o T ARA AL 3 SO — EME T RUE B
A 184 50 1) [ AR ARAE, PRI, FT DA B o PR AR R AR S |
TR SO TE B R EALE ap, , A3 A SCARTE R
T SCATE SURFIE Fr ol

Cr = tanh(FIWF;) € REY (12)

Dy = tanh (Wg, Fy +(W;, F))Cr) e RV (13)

ar, = softmax(Dy) € RY (14)
N

FT:ZaFT’FTERHXN (15)

i=1

:_Et':fj arp, = [aF,,,aFTZ,"' ,aF,N]; DTﬁE{%@I%E’JE

SCARABLEE ; Wg, € RV Wi, € RV g nl I 25 A H AR
W o 45 20 04 35T 09 SCASRRAE Fp AR 8 UG RRAE F B
Ry M iR PR SCRRAE
23 REFENMEER

R G AR TN SO Z 8] 1 B AME B, T4
M TSI B R A, SA-TIA 7797 Transformer!”
By A b, Bt T R RS R RS AR B 0 A2 BT
BT RS AN RS Z (R A8 Bl o

ZHFER SIS 3 frs, 1F = L]
w8 SRR B T IR S A B Queries, Keys.,
Values ZH i o XJ T 3CA ) 35 EIEE #4758 B Rl 5
BERHEAVESN Queries, K4 SCASFHIEAE S Keys Fl Values,
35 Queries N @ =Wy, Keys H Ky =Wy, 3 ¥
Values KKk H V, =Wy, o WISUA [ 5 B #1758 H.
R IR fih

fi = (0, K, V) = softmax (Q,(KT)T / Jd?) Ve (16)

K. Wy, e RY, Wy, e R, Wy, e R g n] YI| Zr AL
HE R dp R SCARRRIEAERE s dy R R SRR IR LERE s d M
AnEE

[F)EH, DAL 0] 3 SCAS AT 58 Bl G, 4 S0AR
FHEVER O, Br I RREAE S K A0 V. DA BT ) 3C
AR BEATIE N Rl B R RN fr ol

fr=T(Q.K,V) = softmax (QT(K,)T/ \/cTK) v, (17)
K Wo, R, Wy, R, Wy, eR% AT YIZRACEH A

—> SRFSRE— SRASZEE—E <

T T

BB 22 10 245 AR [ 2%

—> KHMEEH—k KGR <

LIEEH LIRS
o kK Vv 0 kK VvV
1‘ 1 ------------- oA
L EH e —
\_ I
S PR

K3 seHERN

Fig. 3 Interactive attention



2266 b M oa MR OK % ¥ 2025 4
2 b BT 5% 48 W 4% (feedforward neural network, x1 BEEMHS
FNN) [22) MEE 4k (layer normalization, LN) [23] = Table 1 Dataset partitioning
133 SCARSE HAFAE Ve Bl g s/ 2% W/ Wi e/ %
Vr = LN(ENN(fr(Fy, Fy, F)))) (18) ISTS-CN 8277 1035 1035
FH: LN R 20— fk; FNN 7R i 5 #2868 [ 45 CCIR20-YQ 54044 6756 6756

[] L, 22 3k 58 BV A ) B i BT 4 28 HORRAE
Vih
V; = LN(ENN(fy(F}, Fr, Fr))) (19)
W SOARSE BRI Ve 5 U8 S8 BARE Vi kA7 BF
FEAS 3] Jiv it 1 1 SO IRl 5 AR V
V=ViaV, (20)
A SCRFAIE 1] 5 Vi A 4 3% 452 )2 15 31 25 2R 1)
i P, 140 softmax pR BT B i 2 (115 IR 0 2K 45
£ p.
P, =Linear(W, V) (21)

p = softmax(W,P,) (22)
K Wi, W, AT Y 2R 56

3 X W
31 BE&E

HERAIE SA-TIA J5 ¥ A 80P, A SCHE IsTS-CN
BPE4E T CCIR20-YQ KUl 4E b 47505 .

ISTS-CN 4 5 2 piy o A5 1 % 4 A 1) v S A8
IR P SO IR B 4 . 3l i iR R R S B
“EeNV ZET CRCHR” AE 5 R AR AR DGR IRNLE, TN
TARE G E] Y 10 347 2% & SCAR X $diE, Hodr,
BHRAY BB R E T rp R AU 4 B S 449
. 2191 & F12707 % . BREMT N EGILS
34 807 I, V345 AU & 40 3 IR IFMR

CCIR20-YQ %4 5 K I8 T 4 [ (5 B A R 2 A
231 CCIR2020 Ay 92 175 101 1) 0 R A% 28 1R 0 PF- AT 55
(https://www.datafountain.cn/competitions/423?CC
IR2020), i o 5 & 5 B e il &7 AH5C 1 230 4~
R, HEAT R R B R HEAT N AR TE 10 U7 S8,
75 IBRBR 25 S IE T, PR BT . AR SRR 10 J7 4%
AL & R Y 67 556 2% 1 S #4 i CCIR20-YQ
ey ge, Hidh, IF T 19 639 4. 171 8 864 4%, ik
39 053 2k . CCIR20-YQ %k #i5 4 3L A5 138 320 & &l
1%, E AR 2 HER

TESCI 3 # H, ¥F IsTS-CN Hl CCIR20-YQ %k #8
RHR IR 8111 1Y Fb ol R 4 IR 4R | Bk 4R | ik
8, ARV E B ANER 1 R
32 ZHRE

ARSI A B AL 78 5 $E Adam, Bi-GRU R

J2 B 4 BE VR Ry 200, e 0 S U A i TR
UEEE [ S50 R BUAf 2, Hodh, Dropout R %R 1% &
h 0.5, 451K PRER Loss i 1158 U 2% B £ CrossEn-
tropyLoss, Jf- 7 M4 I UESC IR R . Ll 4
I, BIEEREMR =2 9 &, Tk, B S G B 5]
TR AR E 8Os —HUE R 9. W3k 2 PR

F2 SAJIA FESHEE
Table 2 SA-JIA method parameters setting

e ITFER L. TEE R
Bk Ko TRER HUHS 8 Loss ReumR )2 2k
2x107° 200 0.5 5 CrossEntropyLoss 200

33 XRZERESH

P SO B M M 43 2841 55, BT LA 32 LA RS
K P, FEE R F A N ES SR
33.1 st EEoAT

S PFAL SA-JIA J5 ¥ B PR g, AR SCM SCAS FiE]
SCWI T AT X LSS . X AT

Att-Bi-LSTM™, JEF Bi-LSTM 5 7 & /1 Ll
B SCAS NG A3 AT T 1 o

BERT, #&F BERT [ SCAE B M7 i, 8
1 BERT A58 | i G008, A 8504 BOSCAS o SCRFAE

T SCAR I S #
RoBERTa", 3t F RoBERTa [ 3 A< 5 & 43 #F
Fk.

VistaNet'”, 3 F FEE 5 SCA X 55 (14 & (55) 3C
5 AT 1

mBERT™, %t T BERT 5 [& 3 3¢ H 45 1E i1 1]
SO A AT T s o

MMBT!", £ #525 X |i] Transformer J7 1%,
A TP 25 1) 24 H i 348 5 0 SCAR AT

EF-CapTrBERT"". 7| Ff] BERT 3¢ Bl 3 T it A
23 [V 4 ) 2 S E AR IR 43 25 05 1 o

TIBERT™, FIFH4FHE S| 505 15 3k A9 Z B4
fiE, SR 5, Db PG R AE 3 o v B A AT £
B AT 25

23 AT SR AE IsTS-CN Fil CCIR20-
YQ X 2 A EdE £ 1 1 B SO AT BT SRR A5 5

FHAL T Z AL I S B BT, B SOA 1 17 gk
SYHT T P REAR X A 22, XU I 5] A R B R AE


https://www.datafountain.cn/competitions/423?CCIR2020
https://www.datafountain.cn/competitions/423?CCIR2020

57

WECE, % LTS S HIE R I W I SRR B #r 5 v 2267

%3 IsTS-CN #1 CCIR20-YQ ##E 5% F BB IERR S #r 3 ELSRIe 45 R

Table 3 Comparative experimental results of image and text sentiment analysis on IsTS-CN and CCIR20-YQ datasets

ik ik d ! N
IsTS-CN CCIR20-YQ IsTS-CN CCIR20-YQ IsTS-CN CCIR20-YQ

Att-Bi-LSTM™” 0.574 0.691 0.601 0.583 0.566 0.607
&N BERT" 0.617 0.601 0.608 0.634 0.612 0.617
RoBERTa" 0.637 0.682 0.638 0.764 0.637 0.708
VistaNet”! 0.634 0.627 0.626 0.619 0.628 0.623
mBERT" 0.733 0.709 0.723 0.702 0.727 0.705
- MMBT™ 0.711 0.732 0.747 0.670 0.722 0.691
o EF-CapTrBERT" 0.723 0.717 0.720 0.692 0.721 0.703
TIBERT"" 0.716 0.695 0.726 0.687 0.721 0.692
SA-JIA 0.722 0.741 0.778 0.708 0.734 0.718
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Table 4 Ablation experimental results on IsTS-CN and CCIR20-YQ datasets

] P R F,
ik
ISTS-CN CCIR20-YQ ISTS-CN CCIR20-YQ ISTS-CN CCIR20-YQ
JIA-JA 0.670 0.738 0.724 0.671 0.611 0.661
JIA-IA 0.649 0718 0.614 0.611 0.602 0.608
SA-JIA 0.722 0.741 0.778 0.708 0.734 0.718
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Fig. 4 Correct prediction example
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Analysis of image and text sentiment method based on
joint and interactive attention

HU Huijun"?, DING Ziyi"?, ZHANG Yaofeng” ", LIU Maofu"’

(1. School of Computer Science and Technology, Wuhan University of Science and Technology, Wuhan 430065, China;
2. Hubei Key Laboratory of Intelligent Information Processing and Real-time Industrial System, Wuhan University of
Science and Technology, Wuhan 430065, China;
3. Hubei Center for Data and Analysis, Hubei University of Economics, Wuhan 430205, China)

Abstract: The image and text sentiment in social media is an important factor affecting public opinion and is
receiving increasing attention in the field of natural language processing (NLP). Currently, the analysis of image and
text sentiment in social media has mainly focused on single image and text pairs, while little attention has been given
to image and text pairs of atlas that are non-chronological and diverse. To explore the sentiment consistency between
images and texts in the atlas, a method for analyzing image and text sentiment in social media based on joint and
interactive attention (SA-JIA) was proposed. The method used RoBERTa and bidirectional gated recurrent unit (Bi-
GRU) to extract textual expression features and ResNet50 to obtain image visual features. Joint attention was
employed to identify salient regions where image and text sentiment align, obtaining new textual and image visual
features. Interactive attention was utilized to focus on inter-modal feature interactions and multimodal feature fusion,
finally obtaining the sentiment categories. Experimental validation was conducted on the IsTS-CN dataset and the
CCIR20-YQ dataset, showing that the proposed method can enhance the performance of analyzing image and text
sentiment in social media.

Keywords: social media; image and text sentiment analysis; joint attention; interactive attention; multimodal

fusion
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