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Sentiment Analysis of Image-Text Based on Multiple Perspectives

GAO Weijun,SUN Zibi and LIU Shujun

School of Computer and Communication, Lanzhou University of Technology,Lanzhou 730000, China

Abstract In the realm of social media,facial expressions of characters in pictures often captivate our attention first,directly evo-
king strong emotional responses. However, for a truly comprehensive emotional expression,scenes play a pivotal role,serving as a
crucial backdrop and support for emotional analysis. Scenes provide context, setting the tone and atmosphere for the emotions
being expressed. Regrettably, numerous scholars have failed to fully recognize the significance of scenes in emotional expression,
often focusing solely on facial expressions. This oversight has led to suboptimal outcomes in sentiment analysis, missing out on
the rich emotional nuances that scenes can provide. To address these challenges,we propose the multi-view image text sentiment
analysis network(MITN). This innovative approach takes into account both facial expressions and scenes, providing a more com-
prehensive analysis of emotional expression. In MITN, we enhance image feature extraction by incorporating an attention mecha-
nism that meticulously captures the facial expressions of characters. At the same time,dilated convolution is introduced to broa-
den the receptive field,focusing on the intricate details of the scene. Moreover, we leverage the Places dataset for transfer learning
training of Scene-VGG. This allows us to fully utilize the vast amount of scene information available.enhancing the accuracy and
depth of our emotional analysis. The effectiveness of MITN is rigorously tested through experiments on the multimodal sentiment
dataset MVSA. Utilizing BERT + BiGRU to extract text expression features, our model demonstrates superior performance in
sentiment analysis,accurately capturing the emotional nuances present in both facial expressions and scenes. This comprehensive
approach offers a new perspective in sentiment analysis,paving the way for more accurate and nuanced understanding of emotio-
nal expression in social media.

Keywords Multi-modal, Sentiment analysis, Multi-view, Transfer learning, Attention mechanism
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Table 2 Comparison of Acc and F1 scores of different methods
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Method
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TTHEH . ok ad B4, 78 4 % $: 2 2 J5 fff | Dropout ({H 3%
0. 1) B E RN 0,001, epoch N 100, % [& 5 B4 %
i 4 i A AR A B AN ] AR 30K MVSA-Single ML R/ #E
3 64, MVSA-Multiple A9t K/NBEE N 128,

BT MVSA S 4 i) 00 K 2 02 A P4 100 . IRtk ol
T MITN & f£ MVSA-Single #il MVSA-Multiple [ ) P-R
M2 B R - B M S i 80, il 5 iR . XFEA BT Tt
AR 1) S R 3 SR PR D AL BB A% DAt i S RS AL R . vl fif
FHAE HE B (precision) F1 4 8] 3R (recalD) 1 9 VA B 51 1 BE 48 b
B HCHE L e SR

TP
TP+FP

TP
TP+FN

1
0 —®~ MVSA-Single
09 —=— MVSA-Multiple

an

Precision=

Recall= (18)

08
07
06

Precision

05
04
03

01 02 03 04 05 06 07
Recall

B 5 #EEYE MVSA-Single Fil MVSA-Multiple I P-R £k
Fig. 5 P-R curves of MIyTN model on MVSA-Single and
MVSA-Multiple
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FETE MVSA B64E T 34T TR IR R A G . &
SCHEAT T 6 AHTH ML SE I L 3 B HERR TR P Y 3 SRRAE (w/o
Scene) , M #8 3K 1F FFAE (w/o Face) BB I B I (w/o
CMA) FIIE & Bl & B (w/o MFF) . BL % AW ThT 35 35 1% 42 1iF
(only Face) fl{¥ 37 5t 4 4F Conly Scene) ,

TE AT X LS , PRAR TR 28 R A3 6 A AR R M e Y
DUk IR T T B ATTE B 302 B I BT AT &5 v 19 A
FH. 2% 3 30 7 sk L i il 5 30 45

3 fE MVSA B4 9T X LS5

Table 3 Comparison of ablation experiments on MVSA dataset

Datasets Model Accuracy F1
MITN w/o Scene 0.7142 0.7120
MITN w/o Face 0.6875 0.6802
MITN only Face 0.6998 0.6995
MVSA-Single MITN only Scene 0.6686 0.6680
MITN w/o0 CMA 0.7263 0.7199
MITN w/o MFF 0.7426 0.7425
MITN 0.7624 0.7612
MITN w/o Scene 0.7055 0.7045
MITN w/o Face 0.6996 0.6966
MITN only Face 0.6863 0.6821
MVSA-Multiple MITN only Scene 0.6598 0.6548
MITN w/0o CMA 0.7130 0.7168
MITN w/o MFF 0.7201 0.7201
MITN 0.7313 0.7303

1€ MITN only Scene SZ5 ', & 30 Y A5 BY rh A 4, 5 17 4
FENG RN SCAAT BT L ATS AR B A8 A I LR U, 7R 92 B i P AR
ME LRI 1150 SC A [R) B A7 78 1)1 50 s BOHE 42 b i SeAs JE 123 3R
I3l 18 i) A 0 EG Al BIF 5 2 7 Ak S B B AR 4 4R PO BR
WSS B0, DATITE A 52 25 2R . DR 3 3R I A A B A X
WAL AR, BB, X W5 IE T MITN B 84502 1k
TERE .

e o ) I 5 R Y TS SR R AR RN 3 SRR AE
B G A 2 B8 ) dee A K T . o A A U ) R R R TR
B Rl A R, SCAS RO GBI 15 LU B DGR AT 1S 5 1 17 /R
STt AR A e ) AR, NRIRAE R AT LLE W, S
MITN BEREPERE Ik 8 T R AEKF,

3.5 HXRLSH

& 4 v 3 S T A A I 2R AR B AR e A
PR EE B 1 . &5 A SCAR H R “ Enjoying” . T DL B #f
HEWT I BRI T B E IR, X — 85 AN T BT
[ RN R W & N P SN S

F4 BMAEB 1
Table 4 Prediction example 1

Enjoying a stroll # butchartgardens # kilts
MVSA-Single A7 £ 1 /& % 71 . AL
MITN 0 H A £ 5] . @ H & H RO +FF P+ X7 (B =F#%
ITIN U /& % 51 8 3 & (RAOD + X F (R =R4H#%
CLMLF Ul f & 2 5 . & 3 % 5 (R A0 + X F (RO =R K

F 5P, WA KA N TR SR 1 G I A G vk
G 0 ) T 0 9 A 5 U ORI S X A R B 3 S R 0 A
BT A WA I 9 25 A T A A TR, 3
AR empty WRIE T I B R, R B 2 0 15 ROH I R
T, X — 20 R T MITN A58 28 5 Ab #3 dpk /b 7 2 TG 97 3%
515 IR 37 S A7) SR R A5 B 41 2 B IR AE L

5 FMKAH 2
Table 5 Prediction example 2

See youFrance? # train # empty # Eurostar # London # Travel # trip £
luggage # intern

MVSA-Single 47 7 T & % 51 . % #

MITN M & £ 5]\ #H % H P+ 8 CGEIO+ X FGEBO =)
ITIN FMF &R EH EHRE P+ XF P =P i

CLMLF Il i 2 2 51 . 5 35 & B (3 ) + 05 () = 3 M

W _E RSB L UEE T MITN 8 8 76 R [R5 B AR R #5
I 6% 80 HE 050 Sy v A R SRR T 33K 1 ) A AR X A A A
MBS B AR AL A, XMt —SiEH T
MITN #E7Y fy Z2 0 P G P o B AE S Bn g v LA 1 3
R,

SR S T B 4 T B A MITN 8280 i vk B L iF 75 B %
BB RRRRE DL, 6 B T — Rk KU R Hoh R L
NG 2 155 AN /b B B T A0 2R 0%, 0T B SCAR A TR I Ik
Pk, 76 ITIN & CLMLF -, 340 W 9 1% JE% i PR 47 Sy i . 4R
M s MITN 2 BU7E X ] 7 BEAT 3 St Re AR 38 BUS & 0 500 S FRARCA
T 5 e SR BB 4G R I R — B, X SRR T
MITN #5192 Ak B8 7, foff H A T8 X 2 7] 50808 43 A B 475 fig
FefaE W tEnE .

#6 BRG] 3

Table 6 Prediction example 3

RT @ TheBucktList:Bora Bora??
MVSA-Single #7 7 1 /& % 31 . AL
MITN F & £ 3 BH 2 H P+ 8 (RO + X7 CF ) =K
ITIN AR £ BHEF I+ XFPE) =4
CLMLF Il 5 #  5 @3 & B (P )+ X3 (i) =9 it

GERIE R SCHRH T — R 3k R 0 T AR I o R
AL A0 37 s ML IED 5 SCARAF BAR S G Y B AR SCAR W 4%
(MITNOHERY, ] F 2B 4 40 B . 8L 2B 2= > A 2l
3 SR I B M . SRS TR R S DL e S T R G o
T 3 2215 A1 4 5t X 3k A5 SCAR ] 9 X6 55, A T S B 4R Y 1
RS IS HT . LA & T A 32 A BB 77 . M 25 b A58 ey 2
T 2RISR R AL A R X T A HR T T 2 RS IR BT Y R
B, AT EUE £ MVSA-Single il MVSA-Multiple | () 52
AR IIE T MITN #5580 0 F K3 4y e R AR, Bl & 458
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