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Abstract For the image-text sentiment classification task, the cross-modal feature fusion strategy which combines early fusion
and Transformer model is usually used for image-text feature fusion. However, this strategy prefers to focus on the unique infor-
mation within a single modality, while ignoring the interconnections and common information among multiple modalities, resulting
in unsatisfactory effect of cross-modal feature fusion. To solve this problem,a method of image-text classification based on multi-
scale cross-modal feature fusion is proposed. On the one hand,for the local scale,local feature fusion is carried out based on the
cross-modal attention mechanism,so that the model not only focuses onthe unique information of the image and text, but also ex-
plores the connection and common information between the image and text. On the other hand,for the global scale,global feature
fusion based on MLLM loss enables the model to conduct global modeling of image and text data,further mine the relationship be-
tween them,and thus promote the deep fusion of image and text features. Compared with ten baseline models on two public data-
sets» MVSA-Single and MVSA-Multiple, the proposed method shows distinct advantages in accuracy, F1 score,and model para-

meter quantity,verifying its effectiveness.

Keywords Image-Text sentiment classification, Cross-modal feature fusion, Transformer model, Attention mechanism, MLM loss
| oas A ZE S 5 R P ST 1] T 32 49 BRI SCAS S TR ol 50 4 A A2 3
=]

AR BT AR SO T R P SR A A 2 BB T

B 17 D S 2 0 1k S IR PR e L B
B4 AT 3OS P Ry BR T B — 9 35 A B 22 8 A AT IR
AU 3 0 AR L OO0 45 Z BT BRI L, X 2
PP TE M UL TH 5 oh S W0 A% 47 0 T 32 T 2 W 00 6 i P o
SRR o AL IS 6 19 20825 B 3R A A P A Ik
B4 2 T I RS BT U A B ST A AR T A R

FH H ] .2023-07-21 & E HE.2023-12-28
HETH LI B H (JSSCBS20210507)

P SC A7 TR0 D P 8 AR T T 3 I R

PSS RHIE AL G 2 2B SAL S A O WA T E BRI S
i I R R T AR 15 S i BASE AS T  58 L OG 2R R 25 79 B Y
AT 5 B 52 B BUS AR IE Rl & 1Y S B . B SO I AT 55
o FEL ) L ST R ) B A 25 R T R 5 SR W e ] B A A SCAR
AEPEAT BEERAT R I SCRFIE R & OS5 2R . RAEZ LR T

This work was supported by the Foundation of Jiangsu Provincial Double-Innovation Doctor Program(JSSCBS20210507).

EEVEH FEEHF (chengel@njupt. edu. cn)



XA T L RO S ARES AR R Rl G 14 PR S I 2R A A

PRSI ARITE AR LA TR T E i TR A SOR B et
PR D A B S SR TC VR TR AT S SRS R
FEMBIS NI A FE, BRH TR B PEGe, T4k,
Transformer"® [ % i) P % J fifi 15 22 8525 R AiF 78 7] —
TEAT A2 LR R B S . R B 2 BT SC B g BIF Y R A
Transformer W% 1) H 75 2 7 P11 55 3 EHR T SCAFRAE 2Z 16
B 22 B LA g R G J7 I AEAE A ()8, {H Transformer [
250 T TE AL SRR ] T OC TR R R A 1R R 2
TS A ) IR A A 5 B B R A A RO TR
BLEE N

Xt o 1) B, X 5500 25 1T IR RN SCAR ) G Bk L AR RRAE
B HE AR AR Z T 0T IR RN SCA HE AT FR AE 28 B O 36 T H A 3K
Ve AR TR R A SCE I T — B SE T B RS R AR AL A 1
PSR I 43 28 T 1 o DA Jmy 30 4 J 7 A RUJEE 5 B A A gt <7 R
QRSCAS IR . — J7 T % T 25 AR U 2 ) AL TR R AT R
FHEREE . 5 AW ILE S 17— BESBOR 9 A 5 B
[F) s RS 3 T 0 AL 1) B 08 i b R BRI SC =2 T Y O R
BT W IR T RIS T S HL RS Y B SCOCER AF BN R
R RS SCAR(E B— % A Transformer W %5, i 1 H [ 4
B IO B 3l A AL R AE 3 — 25 ke BRI SC 22 TE] A B R DA B I
SCI A 5 S T FRAS B4 (0 R AR A O . ) — 5 T A
T MLM(Masked Language Modeling) #i 2 ¥ 17 4> J&) 4 fiF il
. FEH MLM BA7 K0 &5 @256 ) B8 it A MLM
5 A g il D 45 2% pR K A A TN A2 R BE — 2 42 4 1 15 A S
A Z ) Y SR 1L 412 B 1 SCRFAE IR E . 515 % MLM #i
AT BEALHE RS (09 75 AN [F] A% 3077 ¥ B R T S RO ¢
B SCAS PR 25 LA 9 2 W 7 6 A5 R0 1) 5 1) 52

g5 LT IR A SCH TTRR AR

DB T —F i F B RS E  0R ERR IR A A O
B 06 1 P SCBOHR 9 A R B R R R AL 5

DT —Fh T MLM 555 /Y42 8 FRAE Rl & J7 v L i i
Xof Pl SCRCHE 11 4 SR 13 | e 5 TR — 2 45 4 ] SR 7y S B

M T —Fh It MLM 1 5 #8372 19 J7 5, 45 AV
5 TRIR AR G 1 SCA B B AL A o/ M 0 A R )1
1) 5 1]

2 MXIIME
PR SO IR 0 28 B4 S R 2R O PR (U 25 N SO B ZS SR LT

s RRIER R . LAk 28 T AR CNN R 2% 5 3
75 A ok $2 B AR B AE L 8 F BERTT A58 48 Sk 42 B SCAS FR1IE
TE I 86 T AR /A BT I SO R 2SR PEREAS B 1 PR R T
2.1 SESHIMESESEEANE

R 22 B35 I AT T B B T 22 8 25 R AT il 3 32 23 A
LT RL A R TR A Y AL A S ARV 2
Pl SCAF IR A R oh . Cai 550 USE I 45 SC A CNIN AL (R
CNN SR IBCSCAFEMR 1Y 7R o Bl R 3% S 4R AE 1 4 B 45
AL R R AT 4325 Xu ST W B K E il 1 1 5 R
GEFEES S AR R VGG W 26 $2 U (5
13 5 As B Y (s B LSTME [ 4% 4 B SCA FRAiE f5

BB K ZRIRRAE F T A 42 3% 32 AT 1 & 0> 28 5 Cheema
SECOT St PG A AT AL 1) R A B B R A5 B 1) IR BE 1 2
FHEBHEERG 5 TR T 2SR G R R IkGE Ty, Xk
T3 GRAE T U B 4 P IS T BT I PR RE .

e FH TR PP R R4 1 R A R A T 1 TR S A 4 U R SRR
LT B B R o i & T 3 0 L Y e & R, B T B T ML
HYRFAE BE 48 A7 BT X PR oG i | N A X — 3l v g T
2 5] ER M SCAR Z W19 S, Xu 78 T —Fpic A2 M 4
I FH 22 )2 3 28 1 LA T 4 5 4 78 A — )2 v (8 P 3 8 L o
TP G R SO AR 22 ] B R R o i 2 0 15 B 1Y L S04 R R AIE BF 4
J5 RN A R AT AR 28 5 Li SEDTORE PR IR 0 R SRl A R AE
% A Transformer P % .38 33 H i 2 7 L& AT & SCRRAE @l
B AT SCZ ] IR R OB R Wei U 4R TGE B8k
(Text-Guided Fusion Module) 3 fift R AR 5 H8 43 47 75 TC A FRAE
A 10 AL, Il ) X LE 2% T il U R AE =5 8] 1Y R AR B 7 5] R
Wang 1% Ff CNN #1 Transformer W% #0454 09 77 2, %
P J5 (9 B SOk & R AE 2% A CNN W 45 DL 35 5 30 40 97 5 28
J5 8 F Transformer [ 4% 4l 30 B B9 R AR AR M. G0, KB
FUM 28 M 2% (Graph Convolutional Networks, GCN) K E. A g
B 9 35 Jm) T R 4 Jd 1 5B 4 R A R T T I R AE
[ SO O 2R S

B H 0 Rl 7 1 A A A — S S R S T vk
T SO B4y 2 i, Rl & J7 ik b, Liao S5V A
Yang %20 GON 5 2 S HLHIAR 45 & L 76 B SO 4 244 E
S BT T ST AE s Jiang R R B AE Bl A, B
TE A 25 1B SCRE A RAE Z (8] AR B4R, OF 32 10 1 4 15 B 2
TR B FH F 4 TSR 0 = a1 1Y B SCHRREE s Peng 4574 2 H AR AE
TEE B e J] T 4 20 I SO R AE Z M A B AE T, 91 A
Image-Caption B A4 H A Bl 1) R 16 3R SCAR 326 AT RRAIF 1
R OIRE LA T A S A 0 RS TR B AR . W RS
Tk, Yu S0 Gy 5 R PSRN SCAS SR IR 43 2 5 B AR e
TR 25 T 9 SR G IS 5 R A T 49 SR A B e A i 2 2R
2.2 MLM#R%k

R A MLM # 5% i9 B 192 I 2R i = B8, 4l R
T 3t B AR SCA I 1R SC, DRTAR 8 2% > B 9 47 B B0 SC AR
HOE T IR . MLM #5 2 BOA B s @ B B SO R AR
I R A 5 3 I T 2 A A v X PRI R AR Y 3
R AT AL, Li ZP i ] ITM (Image Text Matching) #
MLM #81 2¢ Biill 25 Transformer %5 #4) (1) I 45 528, 1E 2 804T: 55
TG T B MERE s Zhao ST T MLM 45 6 £E g Hrp— A~
WNGRAL 55 BERITE T i 09 2888 4 LIS 700 5+ ik g
Sun #P0H BERT #28U R7 T AR & v i ] BERT #8 5Y
FI 7 9 MLM #1 % fl NSP(Next Sentence Prediction) # 2% ff:
Sy H A YNGR TR T W R AR Bt T oM fE .

Transformer W 4558 1Y) [ ¥ & 71 38 B RE J) {1 15 5. 10 il
&N Transformer [ £ 1) 45 14 18 A 4 T 18] SC I 43 24 U0 119
FERRAZ — FE T IR 55 PR TR PR, H A
FIWLHIAEZ AT b A b 2 UG AN SCAR BEAS W g 20— BE S R AT
Ab B, 5 B R TE vk A AR R RN SCAS B A R R B G



260

Computer Science T HEHFIZ  Vol. 51,No. 9, Sep. 2024

AR B 5 B SCRRAE Rl & 20 . 32 i 3 HL AT MLM $i
ROVE KA SR T — P 2 T BB E TR MLM it &
B TR SO R A J AR A L B F % P Transformer W 45 1 [ 1 2%
3 WL T 1% AR G b AR 3 PR SRR AIE il A Y )

3 BRI

ACSCHR Y I T 22 R B R SRR R Y TR SO R 2R
R RE RS R N IR 1 BT L R AR AR AR SR BUZ R SRR Rl 5 )2
A RF RS )R 3 3.

R AE B2 R 17 T A GO SCAR B30 53 1) e A S X g
REAIE 18] & 5 JR) AR R AR A = R T B A A T R D LR MFFB
RUBE B FRAR Rl o JH T 2 B PR AR SO 2 i ) B R 36 1R
B AR BRSO B AT 5 8 s & R R IR Al 2 26 T MLM
P45 HEAT 42 JR RUBE Y AR Al G, T 3 — 20 2 B R 8 OR SO A
Z AR R MIEAER . )RR IERLE 2 F R AR AR R & )=
SR — TR T AL S B I R
—Jr TR T B G A R TR AL )R R 4 SR AR Rl S )R
HEAT AR I3 Uit LA SR AG 5 o 0 1 5 SRR A 26 45 R

TR 2% MLM
(}ﬁ k&1EHA1§1§)Z)—> positive man 4—(%&%‘;)
LosSse : LOSSmim

E'? ( Transformer4s #4 % ] } Transformer4s 7% %

o ) ) 1

bt Emb; (ele]ele) (16]6]0) (CI010]0) (CICICIO) NP

Hﬁ‘ i Emb'; Emb' Emb, =]

& i

E n
i
&

I still respect the [mask]. ff

. [ (©O00) &mm -

fE | 000

. e 12000~ 5660) s

bing MDgjobal

E’( H

:-.__[ still respect the man. T

I still respect the man. T

Pl JET 2 RS B R AR AE Rl 5 A T SO R0 SR AL f B IR 2 A

Fig. 1 Overall structure of image-text sentiment classification model based on multi-scale cross-modal feature fusion
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Table 2 Results of different models on MVSA dataset
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Table 3 Results at different mask rates in MLLM loss

[€79)
MVSA-Single MVSA-Multiple
fExzES
Acc F1 Acc F1
15% 75.35 74.90 71.23 68.55
20% 75.78 75.22 71.64 69. 26
25% 76.89 75.83 72.06 69.37
30% 76.22 75.03 71.47 69.02
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Table 4 Ablation results

%
ww MVSA-Single MVSA-Multiple
Acc F1 Acc F1
AR A 76. 89 75.83 72.06 69.37
-MLM 4 % 75.33 74,52 70. 82 66.18
BEEASEEA 75.56 74.63 71. 64 67.72
-MLM #i k- A% E A 74, 44 72.33 70. 58 67.19
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Table 5 Visualized results of case study of the proposed model and CLMLF model
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