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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
(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 graph convolutional network and target visual feature

enhancement (GCN-TVFE) is proposed. First of all, this paper uses the contrastive language-image pre-
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training(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 then combining these two
similarities, the quantitative evaluation of the matching degree between text and image and the matching
degree of 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 K-nearest neighbor (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. Experimental results show that the model proposed in this paper has superior
comprehensive performance on the public datasets 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; multimodal interactive attention mechanism
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BERY ) R IRBE T o B Jm 8 softmax 75 21— A7 A M 0% F5000 ABE 32 43 A {81, I 388 2o A v 58 SUI 9 2% oA
B b L TE DU IBE SA 4 O bR BN AR A AT AR R B R BRI 2, Rk

y=softmax (W MLP(Z,y )+ b,) (23)

lmF:*jhﬂm@+M@m (24)
ﬁ*mﬁmaﬁﬁﬁ@ﬁﬂ%ﬁmﬁﬂ%%ﬂﬁm%n%ﬁﬁﬁ%*%ﬁﬁd%ﬁ@@%ﬁﬁ$%%
B sy S RE AR BLIH 5 3 SRR AR 1 TR 25 (5 Ak 1E WAL R B 0 N E A WIS 8k
3 KWHHm
3.1 HiEE

N T B UE A SCBE AT R AR SCR T Yu % 4R R 1 Twitter 201570 Twitter 2017 $ 4 S 43t
WY 3 T Lo M S 7 T S 09 B HE 4E Twitter 2015 #1 Twit-  Table 1 Statistics of Twitter 2015 and Twit-

ter 2017 BEAT 9200 . 3K A KU 45 40 LK T 2014— ter 2017 datasets
2015 4F 2 2016—2017 4E W1 18] Twitter % & F /5 & A fo 4 SR 208 Bl b s it
o B¥n g E AR R T, B REARA TP AL g% 928 1883 368 3179

Aok AT AT T AR T AT B B s kg 4 T Witter 2015 BESE 303 670 149 1122
ST 255 43 50 0 A b R . U 30101 Wilfk 317 607 113 1087
LR R Dt SR S K LRAR T UV 1505 1655 4165 562
P A B4R 0 A0 B 53 Twitter 2017 ¥ E4: 515 517 144 1176

ML 493 573 168 1234
3.2 ZRIGERITHEIER

S TR 22 S HEZE Py Torch 1.2.0 3281, {# FH| Python 3.91E W TF &K w21 S . 7F AutoDL & f1 =
A EHEAT UGN . SIS PRSI S A4S NVIDIA RTX 4090 B -F (24 GB B.A4£), 16 #% Intel(R) Xe-
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on(R) Platinum 8352V 4k B 2% ( 343 2.10 GHz) , 120 GB %2 GCN-TVFE#EE S
1, UK Cuda BRAS M 11.8, MR BUE R S5 i i k414, 5%  Table2 Parameters of GCN-TVFE model
FH Adam H5 £k 2§ 2 %5 R 2 8 A7 R R R T, 2 2 U S B ¥k SR
T RESEEE . ARSI S R 2R . - Tiwtter 2015 Twitter 2017
Sk T A 22 AR T T RN B BT AT S5 R AL M g L S G EE R 5 25 30
K FHMERG R (Acc) \Macro-F,(F,) F& 8 (P) F1 4 [ R (R) VRN 32 32
o B () e PR bR . AR AR T IR le—d le—4
TP P& NN 3 768 768
P e (22) mgim A 2048 2048
TP Ltk Adam Adam
R=—F""7 (23) o
TP +FN GCN 2% 2 2
PXR 35 R Sk 8 8
F =2 x (gyy SELERIIRH
P+R Bl kN /A 14X 14 14X 14
TP T 1 = 5 =

TP + TN + FP + FN

A TP F R 92 BR Ay IE 2 FL B AR R 100 Ay 15 2 (0 R AR B0 TN 26738 92 B Sy 67 28 L A 780 00 Ay £ 5 11
BEARK  FP R S B Sy B S F ol B 700 03000 A T 25 A9 B AR 505 PN 3 7R S o Ay T 288 1 gl A% 700 o0 S 3 2 11
3.3 xfLbsLEg
3.3.1 AZaA

9T AR P RE AR SCRE AR Twitter 2015 Fl Twitter 2017 33 5 5 LA T B A IRE M 28
AT7 TGN Y T LA R AT T LA

(1) EF-Net'™®' . %5 5 % ] £ 3k 7 75 77 9 2% Al ResNet-152 5% 2% [ 25 43 3] itb 338 S A< 1 &1 44, 3 5o %%
EE DSt Wik e JEE SRR RS S PN 1 O R (A

(2) ML 2R 8 38 aof 1) — b 5 D s A5 25 0 R A 0 19y 22 B 6 2 o) T v, SR )2 R AR KE 2 5
B MATE Il MASC , I Xt B4 TR o3 04T 0050 51 5, 36 A 5 BBURY 2 1 1) 14 7 Jesple 1

(3) SMP*™ iZ BRI T 1 — A 35 T 00 5 R SCAR {5 1858 T A1) B85 8 45 0 L 2 S BE B 9 51 A T i 41
f10 17 SRR TN 2 A, DACIRE J T B 4 B30I A P A AR AR B 1 1 R B 5 38 A D 1 S AR g R
F1 30 2 A 21 L A SCA A TG v R BRI SCA 8, DA T I 0 T A ) 19 4 T R B A A

(4) VLP-MABSA"" %88 B % T — Ff g 8 19 22 3k 28 X 35 77 ML A A 3 488 S0 A R 5 455 fiF, 9F:
TE TR LA 2] i T MR A U Tk o R TR A Rk

(5) TTM™* ;e 78 ) A PR A% b S 196 Rt G b ot 5 1 A4 4l B AT 45 R Jf i I AR T il 56 R

(6) KEF-TomBERT"™" . 12 % % F1 FH M [ 4% rh 482 BRI JB 25 1) - 42 35 X o 36 5% SCA Fn B4, I %31 T
— R 0% 0 TR AR HE 2R A B A 0 1 5 A DA R R O B A R LA N R T A R R I R TR
) 1) X

(7) M2DF"" B8 0 5 SO 19 4 W 7 87 Bk o KR JBE Mt e B 1 A 7 MR 7 Bk, D T A6 4 A 3
SRS R R R B IR T — R — A KRR IR R 2 L MR R, B TR /D MR RIS G AR AR
2] () BT R R

(8) HIMT ™« 12 45 U3 3 XoF G2 46 0 7 3 A 4% o 42 IO A 08 SCARE A 1) 8 38 AR A, IR i -3¢
AR 175 T8 - PR A5 A8 T A S i O R A | S PR 25 58 3 R A MR 5 = I i S5
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(9) MGFN-SD"'* . 1% [ 44 3 Jb 5458 25 5 AE 352 B L 2507 18 267 2 > ML T 1 25 0 A0 195 SRR 00, 52 30
TAH T PR T . AR R SRR A 2] B e b TSR D 1T PEIGORE G R BLE R R AR R
LRSS P BN A I DR B MRS L I RS A R 5] A ZE AL, DR AR 2 R ARObR 4 B RS TR DL AR
e T A
3.3.2 s ERBRLER SN

2350 T A OB 5 K T R AR R FE T witter 2015 A1 Twitter 2017 208 48 F (PR BEXT L . 45
BEW AL GCON-TVFE BRI AE Ace Ml F {H_E ¥ T 46 K 2L,

x3 TEEBNEIBER

Table 3 Results of comparative experiments of different models %
- Twitter 2015 Twitter 2017

Acc F, Acc F,
EF-Net 74.13 68.24 67.85 64.20
IML 77.05 71.88 70.02 67.67
SMP 77.53 72.24 71.15 69.47
HIMT 78.10 73.70 71.10 69.20
VLP-MABSA 78.60 73.80 — 71.80
IT™M 78.30 74.20 72.60 72.00
KEF-TomBERT 78.68 73.75 72.12 69.96

M2DF 78.90 74.80 — —
MGFN-SD 79.36 74.81 72.77 72.07
GCN-TVFE(A ) 79.16 75.51 72.81 72.21

HE{AKAE ,EF-Net Ml VLP-MABSA A5 7838 535 5| A 5 77 B 4o H2 455 245 ) A9 DG B A5 2, DA 422 T A
RIVERE AHE AT Z W 1 &S N0 AR BE R AE A5 2 o BF XS X — )8, GCN-TVFE 8 8UR] H] SCA i £f
FE B R TE O O 2 R KININ B335, 8 25 55 285 PN 315 %) AR B R A1 15 8 DR I RE e , DTG I8 8 344 i 1 A8 78 1)
fit. 5 VLP-MABSA #fl [t , GCN-TVFE 7£ Twitter 2015 5 #& 4 (% Acc 1 F {848 B142 25 7 0.56 %
1.71% . H&,HIMT . ITM .KEF-TomBERT .M2DF #l MGFN-SD # %1 38 52J: 77 T i8] F1 3 A 185 25 75 405 [&]
P R 28 SCRRAIE W /b T A0 58 W S XA R 52 . AH 22, GCN-TVFE BRI T 1 H b R 5 12
HBOREH, LAME S b 60 5 H b5 J7 T 3R] A DG IR 09 0058 RR AE , 3 — 5 1 i 00 8 R AE A R T R AR IR S 1 B
¥ . 5 MGFEN-SD A [t , GCN-TVFE 7 Twitter 2017 %048 4 b #9 Ace Ml F {520 942 5 1 0.04% Al
0.14% . RAEAR X GCN-TVFE B A ZE Twitter 2015 854 _E #) Ace M5 T MGFN-SD # BImg A7 T %,
B HAE LA TERE BRI 6, X 70 UE W T GCN-TVFE 75 4k 5 45 4F 312 BUFD H AR 9058 45 185 2 57 7
1B R
3.3.3 GCN E 35

H T RS GON J2 B0 B Y M R 1Y 52 ), AR SCORE SCASRT RGBS (1 GON 2 B B 3% ol 1~6
R E P A B A PG T ORI R BOR E T AT ERE . SCI S R AN 6 RNE 7 s . MSEE 25
ATLLE W, Y GON 2 E B 2 )2, BB 7E Twitter 2015 A1 Twitter 2017 Bdi 48 (191 BE 5 B /AL .
SR B GON 2B Be i, BB M Be B 7 T R o X — B ] DU P LA LA - (1) B4 GON 244
S4B E R G 5 2 B T AT BE S EGT 04 (2) GON JZ B 22 S5 obh 2 114 2 35048 4 14 1) B, 4 1) 2 7
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== Acc Acc
-F1 3r -Fl

1 2 3 4 5 6 1 2 3 4 5 6
GCNZH GCNZ#L

K6 GCNJZHE Twitter 2015 $id 4 1 (1 fig 7 GCNEEAE Twitter 2017 ¥ 4 1 (14 g
Fig.6 Performance of the number of GCN layers on  Fig.7 Performance of the number of GCN layers on

the Twitter 2015 dataset the Twitter 2017 dataset

IR EE W 28 ), i 2= T PR L A I i B, 52 e FLUS SPE FIPEBE 5 (3) B GONJZ By, 7153 5%
B HAEE S BE BT (4) o B2 H08CE TR S 3G SRR AR BRI 2
AR SE L REGT Z 0 5 B A8 i, e I B Y A ME B BT I S BUR AR AE
A ER . FR TR A SRR GON 20N 2 2 e Rk B . XRh i & 5 SRR R 4% T e
FEPERE PRI T I RRCR IR T TR R IZ AL RE T .
3.3.4 ABALEAE B p A S5 HT

R T 430 SCA 5 UG LA B T ) 5 PG OAR B RE 4 A L 8], AR SCIPAR T A [ AL JEE A S 5008 X
REAL PR RE Y S0, S50 25 R P 8 FIAT 9 /R o SR A5 B WO, 2 p (HBCE O 0.4 B A5 RL Y 1 R AE A
Boda 4 kBt . BT 75 0 A 5 RGO AR A LA 5 0.4, SCAR 55 RS RHALEE LU 8] 5 0.6 31X
FWLE 52 A dc Ak AR L8 X IR, SCA 5 B #8758 g 28 PR L OF HLSCAR A5 B R i 48 3k B 45 )
1 S5 B, A B T T o o b 3 A RS N 25 0 5 O ) # 7 OG5k . AR, B A AR BLBE A SR (Y
G, AR AL P A S R B M I B R B X U T e i B 1 DG R AT T A SRR AL S A
TR P R R fF B, 2 T A R AE R R, e A TE T T 2 A A R TR
4 BT, LA PR ASE L (39 R R I B 1 P A

80

78 b & N, - F,

BERESYHC/ %
3 2 3
%

66
700.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
ARIEACE S H U ARLEEA E S5 E
E8 ufHTE Twitter 2015 s 4 b v fE B9 pfffE Twitter 2017 %4 - g9 M fig

Fig.8 Performance of the x value on the Twitter 2015 Fig.9 Performance of the x value on the Twitter 2017

dataset dataset
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3.4 HELEL

R T WE5E GCN-TVFE B AU v & A4S 20 5 43 X0 46 A8 1 BB A 52 W, A S 49 391 %k SCAS [ 4 R ) 2% )2
(TextGCN) & K &R M4 )2 (ImageGCN) 284528 B i & S B (Multi-head cross-attention) I H
PRV GE 5 A B OB BAR AT T B S 36 . 3R 48R 1 7E Twitter 2015 Al Twitter 2017 ¥4 45 b B4 il
DRIETE S

R4 HEIEER

Table 4 Results of ablation experiments %
pim Twitter 2015 Twitter 2017
Acc F, Acc F,
AL F TextGCN 74.13 71.24 68.35 67.20
AL ImageGCN 73.96 71.81 69.74 68.81
A1 F Multi-head cross-attention 77.16 74.42 71.36 70.93
AN E b DL 08 AT £ BOARE 75.19 73.21 71.86 71.27
GCN-TVFE(A& ) 79.16 75.51 72.81 72.21

S5 R AR, 2 BRSO BT A BRI 455 2 R IR PR A BRI 46 )2 2 R BURC BRI PE RE 1 35 T R . X T W)
TextGCN Fl ImageGCN X F 78 43 32 P A5 245 PN FB TR J2 1) 2000r B e F A5 J80 DA B 52 IS o8 15 J8 1) o ff G
W SCHEE , MAh, KRR 2R 2 B TE B B P 25 T 8OOSR A MG ES 22 ) Y R AE {5 B TE R
FE 43 2 H AN DG, DA T A8 45 A5 AL 7 30 2 R0 AU £ S I 4 B 220 Wik R A OGRS e R AR RE o Xy
BT RIS A LT R )R A A A A 1) 22 T R 4 i SR RS 22 B) 52 2R AR R U T Y AR .

5L 25 BR B bR AL RE AE 4 IBORE e 2 fi B AL AE T A B0 £ Y Ace I F (43 0 R B 3.97 % il
2.3%, LA B2 0.95% F110.94 % , ix F& W] H b 40 ok B H 7 1 S BORS 1 < a2 55 5 18T 6] AH DG 166 fr 14 5% IX 8 5
T AT W VR T o e 5 — R R S RE 5 6 5 X 1 SRR AE A5 B A B2 HRBE T, 3 B 5 AT R A 4]
BWE R BT, NS TR AR PR RE . BRI L A 40 00 45 A 2 JBORE He A 00 A A5 30 X6 1L 3 45 8 1) 41 )
TPt e 5 A 5 1 7 D A R A SR BAE T
3.5 =BIHH

9 T B VA SRR 6 6 35, 4% SO T/ SR S o BT 3 ELA 1R 2 b 0 KR RE A EAT 5050
F SR T ARSI GCN-TVFE 5 S 28 B8 HIMT 7630 S REA b 1 T 25 S X oAl ol o o0, 7645 1
AFEAR R D5 T Harry Gulliver” 18 O P S BUBC B, GCN-TVFE H HIMT #8 6 1E 6 1 I8 H 25
SR T I T S AR X R A T 3R SR IR ) Happy " # BE 78 70 B2 0. Uk TR SR 2 M REAC R il T OO
YA H A E A R, 2 BCHIMT £ B J7 1 “ Meghan Trainor” i H BUAS 15 , 33X 158 B 43 B
SCAR B 1 O AU B4 A 6 AL 3 5 — 20 X SO N AR A T SCAS AT K . TR — T
M, GCN-TVFE %5 & 5 ¥ M1 5C 2 1Y 58 1 SCAS 400 B2 R A {5 8 B9 B2 3, DT 78 800 5 T8 7] “ Mleghan
Trainor” N 75 2] 1 1F 8 9 75 BN 25 2R . 5w 7255 3 REA of  HIMT 72 B0 J7 10 35 “nba” 5 ) W £
&I O B T A R AR BRI 5 O IR AR GRS B o MEZ T ,GCN-TVFE &t 1 —
A H bR L5 R AE 4 O HROR 0G5 O TR A OC Y IR X, X (43 GCN-TVFE f8 98 1F # #5000 1 J7
i) “nba” Y 1575 R M

T 20 B UE AR b [ bR A5 A E B SRR R A AR AR SOxE 3 A B IR E AT T RN RT A AL
AT . SEER A AR WY, AR EE Y D7 TR 43 590 8 “Harry Gulliver”“Meghan Trainor” Fl“Kyrie Irving”
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x5 RHIHAR
Table 5 Case study

Image
Happy birthday to Harry Gulliver Meghan Trainor fell during the To- . L, .

. . Kyrie Irving” s handshakes are in

Text from all staff and teammates @ night Show. See how Jimmy Fal-
playoff form # nba
okanaganUK . lon reacted .

[Meghan Trainor]negative (X) [Kyrie Irving] positive (/)

HIMT [Harry Gulliver] positive (/) & & Y &P
[Tonight Show] neutral (+/) [nba]neutral (X)
GCN- ) » [Meghan Trainor] negative (~/) [Kyrie Irving] positive (/)
[Harry Gulliver] positive (/) )

TVFE [Tonight Show] neutral (+/) [nba] neutral (+/)

i, GCN-TVFE RE SRS vl sty A5 00 1 ] 45 v 535k 26757 17 1) A € 09308 23, 5 1 L s 00 5 A A 412 JBURE B AN A
BFERTE TR TERE B A R TR R R R T

4 H5RIE

ARSCHR T —Fh T GON R H AR LG 45 Ak 38 55 A9 20480 2507 10 9 1 o BT R 2 o 3 1 3l i A 3%
AT 5 28 R KNIN B3 32 50 2047 31 A58 285 PN BT A 6, A 2880 e e 0 A 2 AR A S A e T 2 PRt o Ak 2
FGAR B BRI T H AR LS8 R i S OB B 25 CLIP A58 84 15 AT JSE 3 59 of 88 42 PRl 4% v 5 i i)
TR A A DX, I A HT Faster R-CNN RS 5 07 Y e A F AR LSS R AIE o Dby ik — 20 1 0l 2% 8 285 22 [ Y 5C
W IR A8 B B I HLROR TR ASZ B S R IRZ R &R o SR A R R, GCN-T VFE & 51 18 P 4>
NIPEEAR BRI 0 0 T A Sk o ROk TARRS O T O0 AR B A9 PR BE , B i S e AL A 45
A LUl /52 2% BE IR 1 A THIE B . TR, 5B 25 2 A B Al B SCAS S Uk 5 T ) ) AR S P ik
B AL oE AR B LA 31 M2 A 5 T i) A PR X3
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