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W E ATHrae $EEE RS H4E4 (Multimodal Aspect-Based Sentiment Analysis, MABSA) , § f& 4% 3% X & F= B 1245 4.
RA B ILAP R R @A AR, R, B A 2R GER SRR L oA A R R AL A Z A 64 g0 ks i L5, W R R R B
AEAGHREFIEE XLARATOHE—ANALARTRELBES. LR TARALR S s BAZAG RS EX R, XEFHER T8
RERLLMBS R RAG SRS AET BRRET —ATHE @b Bt FHA TFGA(MABSA Based on Trusted Fine-
grained Alignment), B4k k3,4 M FasterRCNN # K BR F oS0 L BAAG . SR A A5 @A MM A . AH 7T
8 AL R 3R 7 #38 o By 3R 9E AR A BRI R A B A E R — B oL AR A B A3 AT B AR E SUAR A SR AT AR 4 R
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Aspect-based Multimodal Sentiment Analysis Based on Trusted Fine-grained Alignment

FAN Dongxu' and GUO Yi'*?

1 School of Computer Science and Engineering, East China University of Science and Technology, Shanghai 200237, China

2 Business Intelligence and Visualization Research Center, National Engineering Laboratory for Big Data Distribution and Exchange Technologies,
Shanghai 200436, China

3 Shanghai Engineering Research Center of Big Data & Internet Audience,Shanghai 200072, China

Abstract Aspect based multimodal sentiment analysis task(MABSA) aims to identify the sentiment polarity of a specific aspect
word in a text based on text and image information. However, the current mainstream model does not make full use of the fine-
grained semantic alignment between different modes. Instead. it uses the image features of the entire image to fuse information
with each word in the text,ignoring the strong correspondence between the local image information and aspect words, which will
lead to the noise information in the image being integrated into the final multimodal representation, Therefore, this paper proposes
a trusted fine-grained alignment model TFGA(MABSA based on trusted fine-grained alignment). Specifically, we use FasterRC-
NN to capture the visual objects contained in the image,and then calculate the correlation between them and aspect words respec-
tively. To avoid the inconsistency of the local semantic similarity between the visual object and aspect words in the global perspec-
tive of the image-text,confidence is used to weight the local semantic similarity and filter out the unreliable matching pairs,then
the model can focuse on the most reliable and highest visual local information related to aspect words in the image to reduce the
impact of redundant noise information in the image. Then a fine-grained feature fusion mechanism is proposed to fully fuse the fo-
cused local image information with the text information to obtain the final sentiment classification result. Experiments on Twitter
datasets show that fine-grained alignment of text and vision is beneficial to aspect based sentiment analysis.

Keywords Aspect-based sentiment analysis, Multimodal, Fine-grained alignment, Sentiment analysis, Natural language processing
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Fig. 1 Example of multimodal aspect-based sentiment analysis
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Table 1 Experimental data statistics

Attribute Twitter2015 Twitter2017
Tota Inum 3179 3562
Max Length 13.2 13.9
Min Length 24 27
Avg Aspect 1.6 2.2
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Table 2 Distribution of sentiment labels in datasets
Twitter2015 Twitter2017
Pos Neg Neu Total Pos Neg Neu  Total
Train 928 368 1883 3179 1508 416 1638 3562

Dev 303 149 670 1122 515 144 517 1176
Test 317 143 607 1037 493 168 573 1234
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T AT SO LRI, IR T T — RO 4R B 45 A 0
B HHUE 43 BT aspect W BEAN TR AR SCH B BN R =2
Vet F) XS0 1] 5 ) CARE ) o bR SO B35 LR OR %5 aspect 1)
BEAS T AR [ B9 AL L aspect 191918 X ERG A LT
SCIA A e A [R] B4R EE CHLRE B 2R 5 K5 MR 30 A I 3 3% )5 (4
T3 5 1R SO R gEAT Pk R AT IR IR A2

HESTRM , 45 3 4~ LSTM 3R BUAE L F X FH
TR SR e T T B R A A ] 1 BeRER 2 5 4R JR R O T ] 45
B — A 1 SCIA) AR GE M R D ACE A2 TR SR Y Jm
B4 S04 AR 2247 1R SO SCA IR 5 4R 5 T 2o R il
& 2 lA O AT A AT 3R AT B 2 SUAR R

AN AT IR T A IR kT T K,

1)RessMGAN/Res-RAM/ Res—+ aspect, X} #1445 HE
M 4k, 3 4 g = MaxPooling (ResNet (1)), 8% J5 4% Il 5
MGAN,RAN Iy 37 7 5 3% J7 18 38 19 ] 4 227 B4 9F 35
W45 5% A softmax AT 482,

2) MIMN" % 1 7F 3, J T3 AR R 43 50 R F S
LSTM 1 CNN 3k 1k BB 5 2 7~ SR U5 {1 22 29042 W 48 %f
J5 W LR SO 1R 302 R A B8 L AT E R DA Al A
P EA N E R AT s 26

3)TomBERT™", —Fh ZHA bert 2244, K JH bert 3K
FEF 5 HR 9 SCAS R, IR T —Fh B AR R L O
T 3] P14 DG AL, 356 A5 T 1) 7 T8 3] 1) 40 i 8 7 o 7 0030 S L
B S HLH L IR 2 RS 22 R 32 BAE AL

4) TomLLSTM., TomBERT Yy 74 ., il #% TomBERT ##
T ) target encoding Fll sentenceencoding i it LSTM, 3k
FRAF SR R AR 1 0

5) ESAFN', £ ESTR #K 8 SCA R (14 3k il 1, fili
Resnet-152 3RA% B J 1) 45 A~ 90 58 B 00 57 AE 1) 2 L 2R )5 MR 48 45
SR 77 T8 ) 9 A DG M T SR R DG T A EE L DA A 45 T 1) 52
AR R BB 22 7%, IR A 1] 45 DL 3 >R T B G 9 SCAR 1 L 3
5 BRI . e A W Mgl & R R A SR ME A5
BRI SRR, B EE A softmax ¥ 8 2 47 92 1A 9
B IR

6) TomL.STM+align: 7f£ TomL.STM f J7 1 if) V& & 11 )5
J—4 softmax J2 , LLIRA5 ML 5 B 14 A0 56 M 43 850, o 1 3
BT ML AT 07 5 L SR i AT AT
4.2.1 EZsER

F AP T ARG £ LA B LGSR, T
G BRI 2 3k AR b 0 BE AL L A SCRT A LS I HEAT T 5 kLI
B 5 US55 10 - S5 (8, 3 AT 0 2 00t X A AR 5 SRR AT A A
WZE 2 g 5 R ] DLk B, FE WA $dE 45 B AR S0 TFGA R 8
T ACC I F1 PIAHa b5 L#IR T4 KA - BB R, X2l
T TFGA 5 # %F 3C A F1 B 7 #E 47 40000 B 6 5%, 9% 8 S04

|
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Jr i B AT RBEAT T S SR L e T AR
W 7 £ X A5 D Y 5w, DA T BRI A R SCBER . TD-
LSTM KEALHS SCA T3 T 3 B 1 F 3C 70 T 1 4 A 1 AR Al 0 A
FIR . 3 382 B 7 T 3] 4 R 998 TR SO IR A3 AT B 5 S R AR D
A, H TSRS AR PR RES B T — R i 2L X
0 PR 4 S T AR SCAS RS B SR AR L SRR SEfRE R . T
Res-aspect BB RICR AL, EEEE N E T XHEREAS
PARGF AT, 5540 AT LWL 3 TomBERT £ ) 1 fiE

T AIEH TomLSTM, X 2 & H A, H 8 TomBERT R 1
TN 250 5 A5 AL, HORRAE $2 AR 1 A F LSTM., MIMN 458
FE UGN SCAS {7 B 3 v il R 28 T DL A AR 5 R R 22
5] 11 22 ., o RE AR T R840 B AL, {A MIMN i ] 5 4 B 1%
5B 5 SUARE B R VB R d5 4T T A 9 ) i R OR H, .
F T 0 S0 RROIR A L 1E— 2B SR A2 B A T R T L T O
LA T B R g s 5 8 B e 1 1k i b - AR SO A L X 70
A3V T AR SRR FR I 4R B X 5 0 0 BE 1

FA4 MILLEEER

Table 4 Results of contrast experiment
X Twitter2015 Twitter2017
Modality Method
ACC F1 ACC F1

RAM 70.54+0. 20 63.15+0.28 64.42+0. 37 61.01+0. 31

Text ESTR 71.06=+0.26 64.28+0. 36 65.64+0.23 62.07+0. 36

MGAN 71.0940.29 64.21+0.24 64.35+0. 31 61.26+0.28

Res-aspect 59.484+0.37 46.28=+0.31 58.64+0. 32 53.45+0.40

Res_ RAM 71.25%+0.33 64.58+0. 30 65.21+0.37 62.03+0.27

Res_ MGAN 71.35+0. 36 63.66+0.27 66.27+0.26 63.34+0.22

= . TomLSTM 73.30+0.37 67.47+0.31 67.63+0.28 64.42+0.23
Text+ vision

TomBERT 75.96£0.22 71.09+£0.23 70.02+0. 38 67.89+0.21

MIMN 69.54+0. 31 63.49+0.28 64.66+0.38 61.51+0. 36

ESAFN 73.07=+0.36 67.17+0.29 67.63+0.26 64.26+0.23

TFGA 75.334+0. 15 70.31+0.20 70.47+0. 20 66.38+0. 25

4.2.2 mMEENFAREE

R AH ] TomLL.STM, TomLSTM+ align #il TEFGA 1 X
BRC30042 t i A Twitter2017 v B HL % 5 /9 B4R H 5 UT T 4%
P A I 0 175 IR0 28 &5 SR ol 3 Atk B X ST R SE SR RO . SR
ZEHINZK 5 FTF, B S TomLSTM + align %f 5% tt TomLSTM
PR RICHR 22 o A SCHE 0 FG J5 IR 2 ] Resnet 2844 0 5 ¢ AiE P
A& B e B AR B OF B4 45 %0 5 i Rl ok — o
A, HIREER R TFGA BERAL T H i 97 A~ BB, i Bl A 3¢
8 AR S S AL ) AR A S DX ORI T R R 55 O A
e, H7E MABSA 155 A7 — @ iy d 2k,

225 ZRLEE X S L S 0 25 R

Table 5 Results of contrast experiment of fine-grained alignment
Method ACC(2017)
TomLSTM 73.39
TomLSTM+ align 72.45
TFGA 75.33

1.2.3 RE RO EE

X TA SCATRY 3 i DA B Fr i BBOAS [ A~ 25000 R X 3
K LARERL A VERE A& 3 TR B A H 8 R, B AL A oE i
FAWRTE, 2 e=8 W B ATIE RS REE £ AR K, HE#
BB WTREAR o PR Sy BT 005 1 % B30 A v R A3 A A T 63 1
AR Z T 4 4.2 k{0 Z &5 AMsS, KL EREE 2,

= »
753 1 106 1
752 4 705
-
p, 704
751
703 4 &
-
750 702
749 > 701 &
2 4 6 8 2 4 6 8
Twitter2015 Twitter2017

B3 S8k X RITRPE BE Y 5

Fig. 3 Influence of parameter £ on model performance

4.3 HEAI

FOIINTASCHIH A IR S5 R . T LA W BR E
3.1 2 5 i A L BT RN A B, A0 T 2 Y PRSI 5 3
AR BEAT AR BE X 57 5 Rl A A PR REAT L TFGA BB B 3%
FEAR X UEBA T f ] FasterRCNN 2515 4i0R: BE 14 16148 4% R
AT SR B EE . TR R B 24 RO A AL fiE
BRI , AR SCHEAT 1 A B A B2 2 TR T il 552 46, A8 280 ) v
REEMRT 1100 R AT AT, 05 T 1] 5 A7 61 B9 A [ 45
DX Jsk 22 ] 9 Jg 308 1 SRR 28 S0 KRR T BB B P 26 =
BOHCAERE N e R E D T B 52 24 SR AT LR IO A6 5 5 g 4
AR BE XA, e Ab o 3 AT LUWLSE 3] 8 %k 55 HL ] Hh 4 BB
TERE IV 4 A OGP A o O 6 A AT R DX SRR AT 9 A G 1
AR 5 20 XA B R AT — o R B O 5 D 3 18 I e P
FE ML I B8 B A R A S BB A . R
R Rl WL IS R R SR B Rl 1 O 5 SR 3R 45 R SR W X
SCA AL B B U7 L 5 TR A KRR 5 DX 3l =2 T8) 34 47 40
2 H. 156 A% S B AR AN A RO o 1 T T O T8 A A3 T A AR AE

E IR

Table 6 Ablation experiment results

Approaches Twitter2015 Twitter2017

ACC F1 ACC Fl
TFGA 75.33 70. 31 70. 47 66. 38
w/0 FastRCNN 69.01 62.37 64.38 61.47
w/o B E 74,23 67.42 66.96 63.71
w/o FEE B A ALH 75.21 68. 24 68. 25 65. 38
w/o 4K JE A BB A 75.01 68.16 67.97 65.12

4.4 FHBIFR

T UE AR SO TR B4 I8 e o AR SO0 9 4 B3l 46 o s sk
BEIEAT T AN, I AT A PR E T LA B AR B e
AT AR R BN PERE . 2 7 B T Bk U5 vk AL AR 3C
FGAF RIS 52 il A 19 PO 2 A0 A9 b, B B TE3R 7 Y
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B0 P T 242800 N people B HLBE SR TR B
15 BE A3 B 2R L A A 8 Ty b 5 48 0 A O 1R L R T A5 B 4
BRI peoplel B DX I I £ Bl i # X 48 48 5 19 A O
PG AR B 2 IE T 4 SORBEBI (B R T . A2 R 7 /Y5 — 30
WLl T U7 TR T SCERIA TSR BN A AR 45 PR U A SO A
ARG T IR A B L AER XS T 2SR, IRAT T LU B 5
J5 iR Jagger X R 4 R X BUFE A R A B AL B ESAFN FI

MIMN #5158 4 09 BG RR AIE 5 SCAS B RS R AT Rl 45
FIAT BTG5 DI e 7 {58, L IR 45 Hh T R R B0 L A
SCH) TFGA BEAUAT LA B 4R vh 5 Jagger A OCPEE @ (Y
DX o PRI T 0 3 T 00 £ SRR 4 g UL . SRR L AR SR R Y
=i TESCAR B 2 DT i R0, TEGA BT L)
T 0 o 6 3 R ) 5 A — A TR AT O B PR X B L A
T 850 1 T 4 A TR0

T OLEEH
Table 7 Experimental examples
1Rep[Howard Coble]eutral mingling ahead of press conference,expected to announce retirement.
#AHE
- 045
q peopell JEREE - 040 Human Label: (1neutral)
J u' N l o R TC-LSTM:(I-negative x)
035 MIMN: (I-neutral~/)
M“LAN DAI ESAFN:(I-neutral/)
peopel2 GA:(1 V)
030 TFGA:(1-neutral
020
peopel3
025
word 015
#AE
- 045
people - 046
040
Human Label:(1-positive)
_ 035 TC-LSTM:(1-positives/)
light MIMNA(- neutral X)
030 ESAFN(1- neutral X )
TFGA{1-positives/)
tea 025
020
coach
015
score
3[Tryon] positive is one of many dogs helping search for victims of the [Washington mudslide] negative
#AE
07
dog 06 Human Label(1-positive, 2- negative )
TC-LSTM:(1-neutral X 2-neutral X )
MIMN(1-neutral X 2-neutral X )
L ESAFN{(I-positive/, 2- negative X)
TFGA{1-positive~/,2-neutral X )
hand 04
03
Tryon Washington mudslide

4.5 RS

ST A3 AT AR SO A Sy R FRATT DA A B AR 09 D
R ERBEHLIERE T 150 AT AE IR M R 61, o087 TP 3 2%
FREE R4 A6 1 00 . & 30K 43 5 v Mk 28 51 #H 26 (Twitter2015
di btk 67. 3%, Twitter2017 /i kb 69. 4%) , Hh EE P& T
595 R A S A 05 B OF HLE R B R P OR [R) R X 4k
5 77 1 ) 4 R 5 A DA R E ok A TR A BB o A R R B
A) o AR R IR B S B R A 1] o Rk R kI IR
4 33 T 2 IR A (RS 3 R v B AR BRI B i O AR A Ok

IR I X 3 T 28 A A, A5 U T 45 5 AE TR R AR B RO BT AT
1R LU E D e e S o T R 7 s A SR e e v
R Z B MR R TR, B4 i T — B A R R
161, 77 11 37) Rwanda Sy o9 8 T P o 4 348 118 K 28 19 ToD R
B A B 2 B B 15 . L ot 5% A5 25 S I I 1 1
B, TR T B o PR 2 i A i R R, R 22 IR Dy RIS R SR 1Y
KRENEY)FITER 7 095 =30, FATTAT L) WL 43¢ 3 %)
F 75 1fi iA] Washington mudslide (1% 25 b 1% & M % 09 . 5 i F
&R IR A 5 e BRI A T A O R DR, g B ok i R
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5 X345 2 7 T ) B G A 2 L KO R Y A R O R s o
WA — Pl A 22 95 R O TR 7 3k b A7 20 T B 2 Y ok 9 B 5E X
SO T 7 T TR) 619 SRR P Y SR B O A I e B B S
T EMEE AR R, S ECR AT T SR 0 45

Image

Text Louis Garneau Join I Am Able :a handicap
cycling team that originated in [Rwanda] ey
Output (1-positivex)
B4 EEERs
Fig. 4 Error case
BEWIE ARSCER I TP AT 0k B X 5 i 2 A Uy TH

YA B BT BT L X T SCAR RO 4R A SCR AT LSTM X
R St [l AR AT A 2] SCAR Ry TR SCROR AR A e T
SCA T A B A SO R R, 8 T AT B L A SCR A B
Yr4f B FasterRCNN B8 REA B SCA H 9 0058 %) 42 76 B4R
BE 0 20BN T A Xk 4 5 U T IR =2 I R R R TR SCRE UL
- 308 32 B T 0 ML A AT O 0 L e AT R TP 5 O T3 A R
P A e B AL DX 0 P AS BE S AR B AT AR R L AR
GRSV

AR SR T AR B 0 1 T 20 A R L S o e
HE— AP Uk, Hh AR SO A o R A Byl A T A
(R e 2 BRI S92 o B2 T o 4 T S e 0 5 48 % o0 D s 8 i ) 5
K 36 A B3 TR 3R A0 AR A L O A AHOR X 5 L AT £ T
1T 55 1 B 2

2 % x o

[1] YU J,JIANG J,XIA R. Entity-sensitive attention and fusion
network for entity-level multimodal sentiment classification[]].
IEEE/ACM Transactions on Audio,Speech,and Language Pro-
cessing,2019,28:429-439.

[2] REN S,HE K,GIRSHICK R,et al. Faster r-cnn; Towards real-
time object detection with region proposal networks[]J]. Ad-
vances in Neural Information Processing Systems,2017,39(6) :
1137-1149.

[3] LIUQ.,LIN,TIAN Y A. Annotation of Logical Structure in Re-
flowable Document for Machine Learning[ J]. Journal of Chinese
Information Processing,2019,33(9):50-59,78.

[4] REXIDANMU T,WUSHOUR S, YIERXIATI T. Uyghur Text
Sentiment Analysis by Combining Lexical Knowledge with Ma-
chine Learning Methods[ ] ]. Journal of Chinese Information Pro-
cessing,2017,31(1) . 177-183.

[5] WANG Y.HUANG M,ZHU X, et al. Attention-based LSTM
for aspect-level sentiment classification[ C] // Proceedings of the
2016 Conference on Empirical Methods in Natural Language
Processing. 2016 :606-615.

[6]

7]

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

TAY Y,TUAN L A,HUI S C. Learning to attend via word-as-
pect associative fusion for aspect-based sentiment analysis[ C]//
Proceedings of the AAAI Conference on Artificial Intelligence.
2018.

NGUYEN H T,LE NGUYEN M. Effective attention networks
for aspect-level sentiment classification[ C]//2018 10th Interna-
tional Conference on Knowledge and Systems Engineering
(KSE). IEEE, 2018:25-30.

LIU J,ZHANG Y. Attention modeling for targeted sentiment
[C] // Proceedings of the 15th Conference of the European
Chapter of the Association for Computational Linguistics: Vo-
lume 2,Short Papers. 2017:572-577.

CHENG ], ZHAO S, ZHANG J, et al. Aspect-level sentiment
classification with heat Chierarchical attention) network[ CJ //
Proceedings of the 2017 ACM on Conference on Information and
Knowledge Management. 2017:97-106.

MA D H,LISJ,ZHA X D,et al. Interactive attention networks
for aspect-level sentiment classification[ C] // Proceedings of the
26th International Joint Conference on Artificial Intelligence.
Melbourne, Australia: International Joint Conferences on Artifi-
cial Intelligence,2017:4068-4074.

FAN F,FENG Y,ZHAO D. Multi-grained attention network for
aspect-level sentiment classification [ C] // Proceedings of the
2018 Conference on Empirical Methods in Natural Language
Processing. 2018:3433-3442.

XUE W, LI T. Aspect based sentiment analysis with gated con-
volutional networks[ ] ]. arXiv:1805.07043,2018.

LI X,BING L,LAM W,et al. Transformation networks for tar-
get-oriented sentiment classification [ ] ]. arXiv: 1805. 01086,
2018.

ZHANG M., ZHANG Y.VO D T. Gated neural networks for
targeted sentiment analysis| C]// Thirtieth AAAI Conference on
Artificial Intelligence. 2016.

DAI J, YAN H, SUN T, et al. Does syntax matter? a strong
baseline for aspect-based sentiment analysis with roberta[ ] ].
arXiv:2104. 04986,2021.

SUN C, HUANG L, QIU X. Utilizing BERT for aspect-based
sentiment analysis via constructing auxiliary sentence[ J]. arXiv:
1903. 09588,2019.

WU Z,ONG D C. Context-guided bert for targeted aspect-based
sentiment analysis[ C]// Proceedings of the AAAI Conference on
Artificial Intelligence. 2021:14094-14102.

VASWANI A,.SHAZEER N,PARMAR N,et al. Attention is
all you need[ C] // Proceedings of the 31st International Confe-
rence on Neutral Information Processing. Red Hook, NY: Cur-
ran Associates Inc,2017:5998-6008.

XU N,MAO W,G C. Multi-interactive memory network for as-
pect based multimodal sentiment analysis[ C] // Proceedings of
the AAAIT Conference on Artificial Intelligence. Palo Alto, Cali-
fornia USA: AAAI Press,2019:371-378.

LIU L L,YANG Y, WANG J. ABAFN: Aspect-Based Sentiment
Analysis Model for Multimodal [J]. Computer Engineering and
Applications,2022,58(10) :193-199.

YU J,JIANG ]. Adapting BERT for target-oriented multimodal



254

Com puter Science

HHEPLENE Vol. 50,No. 12, Dec. 2023

[22]

[23]

[24]

[25]

[26]

[27]

sentiment classification[ C]//1JCAL 2019.

YU Y,ZHANG D, LI S. Unified Multi-modal Pre-training for
Few-shot Sentiment Analysis with Prompt-based Learning
[C]// Proceedings of the 30th ACM International Conference on
Multimedia. 2022 :189-198.

ZHAO F,WU Z,LONG S,et al. Learning from Adjective-Noun
Pairs: A Knowledge-enhanced Framework for Target-Oriented
Multimodal Sentiment Classification [ C] // Proceedings of the
29th International Conference on Computational Linguistics.
2022:6784-6794.

KHAN Z,FU Y. Exploiting BERT for multimodal target senti-
ment classification through input space translation[ CJ // Pro-
ceedings of the 29th ACM International Conference on Multime-
dia. 2021:3034-3042.

YU J,CHEN K,XIA R. Hierarchical Interactive Multimodal
Transformer for Aspect-Based Multimodal Sentiment Analysis
[J/OL]. IEEE Transactions on Affective Computing, 2022, ht-
tps://newsletter. x-mol. com/paper/1534586027781197824.

JU X C,ZHANG D, XIAO R, et al. Joint multi-modal aspect-
sentiment analysis with auxiliary cross-modal relation detection
[C]// Proceedings of the 2021 Conference on Empirical Methods
in Natural Language Processing. Online and Punta Cana, Domi-
nican Republic: Association for Computational Linguistics,
2021:4395-4405.

TSAI Y H H,BAI S,LIANG P P,et al. Multimodal transformer

for unaligned multimodal language sequences[ ] ]. arXiv: 1906.

00295,2019.

[28]

[29]

[30]

CHEN P,SUN Z,BING L,et al. Recurrent attention network on
memory for aspect sentiment analysis[ C] / Proceedings of the
2017 Conference on Empirical Methods in Natural Language
Processing. 2017 :452-461.

KIRITCHENKO S, ZHU X, CHERRY C, et al. Detecting as-
pects and sentiment in customer reviews[ C]// 8th International
Workshop on Semantic Evaluation(SemEval). 2014,

YU J, WANG J, XIA R, et al. Targeted multimodal sentiment

classification based on coarse-to-fine grained image-target ma-

tching[ C]J // Proceedings of the Thirty-First International Joint
Conference on Artificial Intelligence (IJCATI 2022). 2022.4482-
4488.

FAN Dongxu. born in 2000, postgra-
duate. Her main research interests in-
clude sentiment analysis and data mi-

ning.

GUO Yi,born in 1975, Ph.D, professor.
His main research interests include text
mining . knowledge discovery and busi-

ness intelligence.

(TR S48 - i 28



