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Multimodal Aspect-Level Sentiment Analysis Based on GCN and Target
Visual Feature Enhancement

Zhao Xuefeng', Bai Changze', Di Hengxi', Zhong Zhaoman' , Zhong Xiaomin'
(1. School of Computer Engineering, Jiangsu Ocean University, Lianyungang 222005, China)

Abstract: Multimodal aspect-level sentiment analysis aims to integrate graphic modal data to accurately predict the emotional polarity
of aspect words. However, the existing methods still have significant limitations in accurately locating text-related image region features and
effectively processing the information interaction between modalities. At the same time, the understanding of context information within
modalities is biased, which leads to additional noise. In order to solve the above problems, a multi-modal aspect-level sentiment analysis
model based on GCN and Target Visual Feature Enhancement (GCN-TVFE) is proposed. First of all, this paper uses the CLIP model to
process text, aspect words, and image data. By calculating the similarity between text and image and the similarity between aspect words and
image, and combining these two similarities, the quantitative evaluation of the matching degree between text and image and aspect words
and image is realized. Then, the Faster R-CNN model is used to quickly and accurately identify and locate the target region in the image,
which further enhances the ability of the model to extract image features related to text. Secondly, through the GCN network, the text graph
structure is constructed by using the dependency syntactic relationship between texts, and the image graph structure is generated by the KNN
algorithm, to dig the feature information in the mode deeply. Finally, the multi-layer and multi-modal interactive attention mechanism is used
to effectively capture the correlation information between aspect words and text, and between target visual features and image-generated text
description features, which significantly reduces noise interference and enhances feature interaction between modes. The experimental results
show that the model proposed in this paper has superior comprehensive performance on the public data sets Twitter-2015 and Twitter-2017,
which verifies the effectiveness of the model in the field of multimodal sentiment analysis.

Key words: Multimodal aspect level sentiment analysis; Target visual features; Dependency syntactic relation; KNN algorithm;
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0 315

b+ AR S B R 5 S AT, P TER ITAER, ZRESTTHAE T (MABSA) 1B
A SCATEIR I AR AL B BB I — Se AR B fr s XA T (SA) AU i) — T 2 MBS, &
BERSEIEESEO PR A2 EEY | Bt SRONEARRTERERR AT AR, W T MAE
FIBS RN Z HESEAR T ERERE, JFATS BARENEESS. B0 BIRET 580 EER
Mol RAB B B ) BAR AR R R, X — 2 AU SRR, RSP A s B A4y T ] 4 R 1
Ay AL SV RS AE AR P TSR R R B, B RERSiE XuSE AN FE BRI S th R T — R A AR
FAETBAE SENUR R BT SO R IR 16 0, A R0aHE B2 (MIMN) B8, 5@ P4 58 BLAC 12 W9 2% i B S0
TR A S REM AN 2 K ARRGAE R, FERHZATIEEREITT (GRU)
A B SCA 77 T8 A MR AT 28 AL B,
HEEWE: HRABRRIEES (72174079) 5 LHAHE TR DL 5 5 T AR 1 R R R 1 Khan/_{_%k[l’a] BT
T EERBIH  (2022-29)




EF-CaTrBERT, fid B T % 4 25 (B Pkt KR S iy
WARFIR, FEHBI AN E R BIBERTA LS+, K
R Z &S . RE LRITIEERE BT % IS
TR B H T SR 1 7 TH R S 1 R R T 2
MRS H:, HHZHEEEENERAFEE
HE%, Hhas KESHERILMESEE, X8
AL TR I M 7 T ) 14D SR e B T W 2 2 kR, e
LRI BT RH HE A o

filan, 7EE1@)FT s FISB . SR 5 T A
“Harry Gulliver” 7= BIRf1E BARRIEOL T, 15

SRR TE Tl SO N R BRI . IR, EUEARS
s R E B2, MUEEEMB S “Harry
Gulliver” AHCIIRFIE, IXE— D10 T 17 A v 1
FIMERE . S48, 78 1(0)H, J7 1A “Meghan Trainor”
A “Tonight Show” Fik [PF B EAR, HH 57T
T AH SR PG X e R AL B DX IR AR AR IR B
KRB 54k, SCRPARIBHAANERGEE, X2
SR RTE TR R B 7R BB NI R UE R,
20 T S0 RS TR KL AH S I AEBR 2R

Happy birthday to [Harry Gulliver] gy, from all
staff and teammates (@ okanaganUK . #

= sl .

Qstacademybinhday / \

[Meghan Trainor],,,., fell during the " [Tonight
Show],...oa:- " See how Jimmy Fallon reacted . /

Kla

Kb

SE-1e17E L N ITE 2N

Fig.1 Example samples in the Dataset

BEXE B R, ASCER T FGCN-TVFERE AL,
HoE, AN TIRNTZHR BRSSO AR IR SRk
RAEAE S, BATR AR AR FJVE R AR SCA R iAl 5
] 2 A A RIBcE, IRl BRI (GCND it s
Ji AR S . ARG T E, BB ek
I RURAH R /NI, IR KIZ AR (KNND 592
g APPSR VSRS i unelo\bridayi 7/
AR I R AR . A ROt B S R 5 SO S
PR ERFAEAR B, - T T 135 J% o A AR B S AR
BEo R, DN T RS HERE AL T T A SR B R XA
I AR T S 75 A S AR R W il (i, BT st
T 7 TR AN SR 51 5 (1 H AR SRR AL S R
o A EHEE CLIPRALIE SO Ty i in] 5 E&
AT A AR, WU B MR ] R
FErF, AR MRS MR S, IR BT R AR
SEAR AR R B AL EATZ 18] 1 SRk . £ 1| H] Faster
R-CNNGE— 2P VL 5 777 T ] A 5% ) i A R X 8k
e, N TP A B ORRAFAE, AT E Sl
FIBLIPHE Y S HR BB SCAF IR R AR R B A N A i,
R e K B3R5 T3 T A A S ) B R R X SRR A5 2 A
NBERVE, AR TR AP, DERES T
T A DR IR B PR RFAE B U8 o [RIIN, R D7 THT R R AE AR
N, SCORFFIEEOBANE, 8 2 kA SGERT)
HLi 3 — P RS 5 A A SRR SCAR R AR B, 48

5 1 RN R IR BE TT . AE P IR HERR R
ERSIG AR BoR, I EAE L AR, B
FIT T 2R TT RS IS5 HIHER I

ASCEZRITIRIAGNATT : 1) B1xH SRS P RFAE
G EIZIE AT RORIYEA I I, A8 Z5 &
FNEMAF R AR AKNNELE, 73 5 s AR s P R A5 2.
Ko BEJE, FIH B SCGCONHE— D24 & A4S 4 TR
JRRBAFIEAE S, DASRTHRFAE A0 2 R AIORIR . 2)
B2t £ 73 TR A SCAS 515 ) H R L B R AL SR U B
5 AN 73 T TR AR % ) e R DX 3l i M 7 £ R XA
R Ao FFRE— 2P0 2 Sk A 3G R I HLI 4 25
B E I RHRE R o 3) AP A TS HE R SR AT
Bk, SRR, SRR PERELE T T 15 B
1S5 A Rk

1 lxTI1E
1.1 FERIERD T

77 T A% 180 B 2 B SC AT JE ke 4 W 18T ]
TR . TR, MERESIERAIKE, EE
FIWLH] . BFRFE L (CNN)D A5 3012 W 4%
(LSTM) S5 7723881 1 9 77 T AR I8 AT A 55 1
J7i%. Bk, Wang&E Ml 51N 2 A HLE K
FEHICAZ N2, TRANTZHE J7 1A 5 W S0k 2 18] 1)
WTEIEZR . MaZs AP 210 i 58 B 2 WL L AN R



T LSTMAE I ESREH bR 3 BT SCHIBRsORE,
P BN B2 5] B AR Al BRSO, idi—
A5 G 5 TR RO A 2 I KRR R o FanZe A1) 3
T 2R ER SIS (MGAN) , B IT#A 40k
FHLRL SV E AL, FE 51 N7 T 55401 2% R B DU £
UIE SRS

R TLSTMANE = I HLHI M e R ER
SCEE AR AR R B T ] 500 A TR ()R DG T T R AR
S, SR, [N ) HRORT BEAELE I 2 AT M &
()5 THIA] , 3K 65 VR AR A 35 X 4045 5 T 5 A W A
W A RABCR L, U B R Kk, BRR
AT TR SR T % )R B) 1 I RS . Aziz
e NI 5y — P T CoreN LP AR £ 155 43 1T 1 it Ak
PR AR, TR0y T ] 5 18 ] 2 [a) i B B
R, M R T VEEAERE 8 77 T A B ) o g
S0, Gaoi N1 Hy XU 38 A A7 B 51 T %
(Dual-RPGA) , ZMZLEE T HbsE W IiE CFI4)
PR, ULSEHUE RS m A M. Liugg N 5]
N3 T B A5 1 BN TR B 2 4130 e R 1 4 i 2 ]
R4 (DSSK-GAND ,  BAR A2 75 T 1] 5 HAH
SN IR 2 18] 55 B o W ER 2 A L — 3 T iR
58 () X Transformer (X £ [ 77 Th 2 15 8o i 8, FiI A
17 IR IR R SenticNet7 Hh 1 B4 20 ek A0 vk A it
B -5 RN 22 P AR O OC RIS 73 g, IR A
X Transformer X 26 34 5 ib BEA PR B 1A] I PR RE . R IX
ST T A7 B A5 A 3 I 2 ) SR BRIV O &
R 1 SCAS v ] T TR ORI O 58 1R 4B 22 1) B L AN [F]
PEZME. AL, FRTENCRE T SRS HIE T
WHTL, REEFE /4298 H P PR A GRS H 1) 1 J%
FHIE
1.2 ZRSHARIERS T

WA A AT AR R R, e R NIRRT RE
B AE S ST & AT RS AR A% O 3 A
RGN FEANGRE T EENCAER, eas T
ZRACHIEGE R B, e 2 B HdE R A
SLAih b, G AERI W TR AR AR, DO B ARES
3 T I BT TR Y R B B

JEAER, YuRE N R — Fh S A U
RLE R4 (ESAFND , JEIE TR HLH]E BRALE L 3
IR A, JF R AL B & SCAR AL s
T REH AR 35 K6 R o Zhou® A it
R SRR AS A AR, A i = Rh A L
PR Z IR AR, IR PO SR SO AT B R
RFAEXS T 31— A A deas(a), i SR THR A H AR

T ETIERE . Song A SR SCA H (19 B A5 G 17
T, A2 Sk 4G DL S SOAR . LSRN S
B2 ZBETHR R RE ERGAGMwkT
RS 1) 22 B ) A, (L2 1 PG b T A (38 SUAE
B HRBER VA AL BUE R R Z [ CERE .
Bk, Yol NB SR R ] 2 2 A B SRR
JE#S (HIMT) B, iZ B RE R B AR 7572 A 5
HH B H BR SR AR I SRR AE, 2R T B dmhid et i
T — AN E R, DA & & BAS TA) 15
5 B Wang 25 AT $2 0 — R UL A il A R 2% (DPFND,
T2 X 2% ) 78 P 48 A SRTR N AR 2R SC AR TR 8 v At ot g
GR, MITHZHE H 78 5 ) 5 7 T ] 25 D) A D% R AE R
FE L piAE R, YangZE A it T R £ kL
[ 7 RS M2 (MGFN-SD) , I LUKS 4R B £ i i
B XAE R . ZN IS S A R TS sl A i vk R
S LERE S, R gI N BRI, SCILRERR A S 4K
PRSHTR R, T 2SRRI E, 2
ST AR A R - Wang AT 3R T —Fd
RIS A BN (KAHGCN) , B s
FNYUERE L, R RCRIUR A S AN AR, A 2
FARTEN SR B 1 BRI AR B

%[14] [15] [16] [17] WhFBR, AXHHET
— FHGCN-TVFEREAY . %5 7 3 3 ) vk 4 i 5% & A
KNNSE, 23 SR N2 38 SCA 5 A0 RS P4 8 [ 4 kL
FERFIEAS BOE &R, IS BhCLIPREA 45 A ML 141,
i A BB 0 B35 1 B AE , B IERR A E R
BeAh, BE— 5 2 Sk 2 S H L AL B RS 1) (1 5
HiEE.

2 ZREHERIBERSIFIER

RSB R ] 2 R, R M A T
SCRMESREURIE . E AR A SRR L R S
ZR R, SRR e M, 2R
AR LU TR . AR R e B i A
J7 TS A W (I FUAE %, SRJG % GCN-TVFE
T ep SO ER R AT VE 2 3
2.1 ZEESHERIBEEMESEN

RS IETFEEM—HE L EERIRED , H
i R A deD B f — A AW i
T={t,to,--, 0} . — @I E G| LL R — A0 F
5| A={a,a,--,a}. H, 70T IARCATERT
(T3 AE S5 A0 B AR, getris FIESCE B (T)),
SR I7 TR A BEAT IS B Y € Y [T, Bk
KU, NRFESCARTER I REE, 1 R T R KB
YSRGS



[CLSRT@ dlamgantK ) (T2 e+, |At
appy birthday to Harry M AR o, G e
Text Gulliver from all staff and i P i - . F, t
Ok UK . s Q
[SEP] @ E — % )— : Dropout
_." ol e} —
8 E RA-T
- ﬂ T = <> = @ otaa | (W ReLU
[CLS] Harry Gulliver aspect g by
Aspect| [sEp) @ £ &
L—' N :5 Linear
BRI B A S RS R N _ o
Hh : V-T | |E
z i
178 —108-9 8- AR
[CLS] "A group of -] o s e g
young boys and girls [_] Timage ) SCAR T T Al 28 HLARFAE
wearing school -4 Ef .
uniforms posing for U
photos."[SEP] : V1% 4 b0 5 R AF
K155 &

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
© HARML A EAFAE |
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

K2 GCN-TVFEBLR ) B AR 25 1)
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Precision=
TP +FP
23
Recall = TP (@)
TP +FN
F1—2x Prec_ls_lonx Recall (24)
Precision+ Recall
Accuracy= (TP +TN) (25)

(TP+TN +FP+FN)
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Table 2 Parameters of the GCN-TVFE model

oy _ ZHH _
Tiwtter2015 Twitter2017
Pl 25 30
HE KN 32 32
FoIR le-4 le-4
SCAMRNYESE 768 768
EUZ RN GEE 2048 2048
b #s Adam Adam
GCN/Z% 2 2
TR SR 8 8
LIPS NN 14X 14 14X 14
EIBEY s 0.5 0.5
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(5) ITMPA . A JE 4% H AR BRI R H
BT 55 P AN G BT 25 SR i B2 H ARDTAC O R
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Table 3 Results of the comparative experiments %

Twitter2015 Twitter2017

B Acc F1 Acc F1
EF-Net 7413 6824 67.85 64.20
JML 77.05 7188 70.02 67.67
SMP 7753 7224 7115 69.47
HIMT 78.1 73.7 711 69.2
VLP-MABSA 78.6 73.8 — 71.8
IT™M 78.3 74.2 72.6 72.0
KEF-TomBERT 78.68 73.75 7212 69.96

M2DF 78.9 74.8 — —
MGFN-SD 79.36 7481 7277 72.07
GCN-TVFE 79.16 7551 7281 72.21

HAKSRE , EF-NetfIVLP-MABSARI AL T 5] AV
B JINLE PR S (A B e BeAE 2, AT BT e,
{H AT 20 T 5125 P9 8 A AIRL R AEAS B AT IX
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(Acc) FIFLE S 425 10.56%F11.71%.
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HERf 2 A2 5 H bR 7 TR A DR AR R AE, 3 —25
B AL AR BRI EE RN W, 5§
MGFN-SD#HEt, GCN-TVFEZETwitter201 754 1
HEMZE (Ace) FIFLE 77425 10.04%710.14%.

Ja, R A A GCN-TVFEZE Twitter2015%¢
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T B A 3
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Fig.6 Performance of the number of GCN layers on the
Twitter2015 dataset
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Fig.7 Performance of the number of GCN layers on the
Twitter2017 dataset
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Table 4 Results of ablation experiments %

PERE M R2 A, A HE AT 2 5 SO AR B A B W 4% 2

(TextGCN) , EGEHER N )Z (ImageGCND) , %
WS AE Bk & /)R (Multi-Head Cross-Attention)
H bR R RS BB AR O AT RSk S . 3R 4 JBoR
TAE Twitter2015. Twitter2017 %ds 85 F 1 v b 52 06y 45
®.

SER AR R, BB SCAR BG4 2 A0 A
LRMBE SRR TR E NF. XU H
TextGCN A ImageGCN X T 78 /- 2 i A5 7S P SR = 1
YR B2 AR EAS B DL SRS A B R O R 2858
B JAh, RS HER IS FECUR,
77 T8 1] FH MRS 2 8] B RFAIE AT J2 0325 78 43 28 LA G
B, AT 4GB 2R FE S SRR AL A 2N 25 5 7 B LI
KIAFE, MM AMRE, XRE T ZHEELHEF
T R BB () A8 T AN 4 T B AR S 2 1) B 2
HREJTHMHEEER.

) Twitier201>  Twiter2017 WU B BB LI B 2 (T 15 7
B Acc F1  Acc F1 ANHURAE FIOHERZR (Ace) I FL {405 F % 3.97%
w/o TextGCN 7413 7124 6835 67.20 A 2.3%, LK 0.95%7F1 0.94%. XFRH H Ao i bk
w/o ImageGCN 73.96 71.81 69.74 68.81 FEHS B RURE 1 7€ A 5 77 T ) AH SG I 1) & X 38k 77 T
w/o Multi-Head ~ 77.16 74.42 7136 7093 LA REIEA. IR BE, BB AYEIE SR
Cross-Atention PR 1 LRI A 77, 36 e 45 201 P R
wlo EFRMISEASME 7519 73.21 7186 71.27 SRMTHE, MR EAERE. Ik, B
S BRI SEHLE O A BRI SE £5 PR fp e

GCN-TVFE 79.16 7551 72.81 7221  EHRMEJTTHUARAEEREEIEA.

AT 9T GCN-TVFE 8 r 2 AN 2 Bl 0 70 o) A Y
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Table 5 Case study

Image
Happy birthday to Harry Gulliver from Meghan Trainor fell during the Tonight Kyrie Irving ' s handshakes are in
Text all staff and teammates @ okanaganUK .  Show . " See how Jimmy Fallon reacted .  playoff form # nba
HIMT [Harry Gulliver] positive () [Meghan Trainor] negative (X) [Kyrie Irving] positive (V)

[Tonight Show] neutral (V)
[Meghan Trainor] negative ()
[Tonight Show] neutral (V)

GCN-TVFE [Harry Gulliver] positive (V)

[nba] neutral ()
[Kyrie Irving] positive (V)
[nba] neutral (V)
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Trainor” B LR, X U8B 70 B SCAR 118 A
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