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Abstract:  Joint multimodal aspect-based sentiment analysis (JMASA), a crucial research direction in fine-grained
sentiment analysis, aims to jointly identify specific aspect terms and their corresponding sentiment polarities from image-
text pairs, and has garnered increasing attention in recent years. Although this task holds significant application value in ar-

eas such as social media analysis and product review mining, existing methods primarily face two challenges: First, when le-
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veraging pre-trained language models to fuse multimodal information, models often exhibit excessive trust in certain irrele-
vant visual or textual tokens, allocating unnaturally high attention scores, which interferes with capturing key emotional
cues; Second, existing methods struggle to explicitly model the complex relationships between objects within an image and
lack an effective mechanism to mine deep semantic interactions and dependencies at the object level between images and
text. To address these issues, this study proposes a novel scene graph-enhanced method for joint multimodal aspect-based
sentiment analysis based on attention penalty and adaptive learning, named APALSG, which utilizes scene graph genera-
tion (SGG) to enhance the analysis. Specifically, the method primarily employs a specially designed attention penalty strate-
gy to penalize and attenuate high attention scores that exceed a predefined threshold, redistributing the attenuated attention
values to neighboring tokens within their contextual window. This strategy dynamically adjusts the model’s attention distri-
bution, effectively mitigating the over-focus on irrelevant information, thereby extracting more precise key object features.
Furthermore, a scene graph modeling module is designed, which incorporates graph convolutional networks (GCN) to per-
form message propagation and aggregation on this scene graph, obtaining visual representations enriched with contextual in-
formation about inter-object relationships. Finally, an adaptive learning strategy is also designed, enabling the model to
adaptively focus on the potential dependencies between the image-text pair relevant to the current aspect, achieving deep
cross-modal alignment and fusion. The fused multimodal features are then fed into a classifier to simultaneously perform
joint prediction for aspect term extraction and sentiment classification. To comprehensively validate the effectiveness of
APALSG, experimental results on multiple publicly available benchmark datasets demonstrate that APALSG significantly
outperforms existing state-of-the-art methods, confirming its efficacy. Compared to existing JMASA models, APALSG
shows superior performance on the Twitter-2015, Twitter-2017, and MACSA datasets, improving precision by 1.46%,
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2.18%, and 1.19% respectively.
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Table 1  Statistical data of the experimental dataset
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Table 2 Results of performing the JMASA task on the Twitter-2015, Twitter-2017 and MACSA datasets unit: %
. Twitter-2015 Twitter-2017 MACSA
i R | AR | MORFL | ORI | JRER | MOFL | OREER | BRI | BORTFI
VistaNet (AAAT 2019) 54.17 53.30 52.60 58.42 60.10 59.20 52.19 52.40 51.76
RoBERTa* (ARXIV 2019) 61.82 65.30 63.40 65.51 66.83 66.22 53.24 55.62 53.10
SPAN* (ACL 2019) 53.70 53.88 53.73 59.64 61.78 60.57 45.80 46.24 45.72
D-GCN* (COLING 2020) 58.27 58.82 59.40 64.18 64.13 64.10 48.19 50.26 49.12
0SCGA-collapse* (MM 2020) 63.11 63.70 63.24 63.52 63.51 63.55 57.13 57.40 57.43
RpBERT-collapse™ (AAAT 2021) 49.22 46.86 48.06 57.04 55.48 56.23 4872 47.13 4821
UMT-collapse* (ACL 2020) 61.03 60.42 61.60 60.78 60.03 61.75 56.34 57.13 56.80
UMT+TomBERT* (ACL 2020) 58.43 60.97 59.83 62.37 62.40 62.42 60.35 60.27 61.30
0SCGA+TomBERT* (MM 2020) 61.72 63.42 62.56 63.41 64.02 63.75 63.20 64.24 62.90
VLP-MABSA (ACL 2022) 65.12 68.30 66.57 66.92 69.18 67.98 64.29 64.53 63.84
CMMT (IPM 2022) 64.60 68.72 66.50 67.62 69.42 68.51 63.93 63.87 63.83
AOM (ACL 2023) 67.92 69.30 68.60 68.40 71.02 69.68 65.32 66.07 65.29
AESAL (IJCAT 2024) 68.70 70.40 69.56 69.40 74.82 72.20 66.13 65.90 66.28
MIMRL (TAFFC 2025) 68.27 69.92 69.03 69.11 74.46 71.93 65.82 65.72 65.95
CAETFN(TAFFC 2025) 68.59 70.26 69.40 69.08 74.80 72.05 66.01 66.05 66.10
APALSG(A3) 70.16 71.20 70.39 71.58 76.25 74.36 67.32 67.15 66.50
IR AR, R R A, #3878 25 54k A 3Ciik[20],
F3  7ETwitler-2015 # Twitter-2017 #{#F & EHIT MATE R E LR L : %
Table 3 Results of performing the MATE task on the Twitter-2015 and Twitter-2017 datasets unit: %
. Twitter-2015 Twitter-2017
i HE e WL F1 HE A% BOLF1
RAN* (NLPCC 2020) 80.52 81.53 81.02 90.70 90.68 90.01
OSCGA* (ARXIV 2021) 81.70 82.11 81.93 90.24 90.70 90.37
FITE (EMNLP 2022) 78.49 73.90 76.52 70.90 68.70 69.24
VLP-MABSA (ACL 2022) 83.60 87.91 85.73 90.74 92.60 91.67
CMMT (IPM 2022) 83.90 88.12 85.92 92.24 93.92 93.11
AOM (ACL 2023) 84.60 87.92 86.27 91.73 92.82 92.28
AESAL (IJCAI 2024) 90.18 90.60 90.36 93.02 96.32 94.70
MIMRL (TAFFC 2025) 89.74 89.79 89.95 92.48 95.70 94.13
CAETFN (TAFFC 2025) 90.05 90.12 90.24 92.80 96.08 94.59
APALSG(A3X) 92.76 93.28 93.72 93.88 96.89 95.26
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AR R, pe b, Bl 3 B R R G &
[N 27 3] Al 2 X ASE R R P A A RS, RIS A
P 3 I 2F ) AR - SCAR X P 7 B9 AR 06 &, T LA
2 Hi 3B R TR A TMASA AF 55 1 8958 BTE B
3.4 TFIEREMESH (RQ3I)

Shy H iR A T A SR B AT i R AR S — 25
ATARAL T 51 A% SR W 5 RS A SCAR R A1) 1 T

J1oy At oL . WE 3 Fis , fE ARG AEE SRS,
BRI X AR S A5 K5 5ol 73 Tl 1 45 i i T R AN
MG AR RS G, X2 LT AR ie i =
2 AR, 5 7 T A G 9 1 JRkm] S L8 R SCR A
TR R, R R AR R RE e X R R 4y
A AT SR IE o
3.5 EHI4H(RQ4)

AR SCHE Twitter-2015 04 4 - J 30 [] Jr 2% 11
M gs e R R A RUNE 4 TR, B E e, g
AOM HE % M 5 K M boy 1% 25 MK 7% , 1B X puppy 45 11
TR TN X T [ A 2E S AL R AR



858 H, == 1R 2026 4
R4 REFHELE Twitter-2017 F1 MACSA iR £ _FHIIT MASC RS HE R A %
Table 4 Results of MASC tasks performed by different methods on the Twitter-2017 and MACSA datasets unit: %
. Twitter-2017 MACSA
i TR F15341 HERf R F143%1
ESAFN* (MIPS 2019) 67.82 64.20 78.35 68.73
TomBERT* (TASLP 2020) 70.50 68.00 80.84 71.96
CapTrBERT* (MM 2021) 72.30 70.20 80.30 70.84
VLP-MABSA (ACL 2022) 73.82 71.80 81.21 72.64
CMMT (IPM 2022) 73.80 — 81.70
AOM (ACL 2023) 76.42 75.02 82.24 73.46
AESAL (IJCAI 2024) 78.80 75.90 84.42 75.64
MIMRL (TAFFC 2025) 77.48 75.19 84.50 75.70
CAETFN (TAFFC 2025) 77.62 75.30 84.62 75.74
APALSG(A ) 78.12 75.38 85.48 76.43
TE IR AR B, N RIZACFRR AR, = FoR i 25 5Ok 1 SCHk[20].
5 APALSC XHEAMFHIE SIS v %
Table 5 Analysis of ablation experiments on key components of APALSG unit: %
. Twitter-2015 Twitter-2017 MACSA
i K% Al | EE Kt HEE | HUWEFL iR Al | HOWEFL
wlo MLBE(F . 67.20 70.35 70.62 70.04 76.38 73.24 66.25 66.42 65.16
wlo SCA(F . 66.72 69.16 68.40 67.10 72.21 70.45 62.80 62.93 63.92
who TR 1351 65.46 66.54 66.48 66.59 74.30 72.00 63.11 63.04 61.29
wio Hy st Pl A 65.30 67.15 67.14 66.10 73.93 72.13 63.20 62.73 62.17
wlo FI & % 2] 65.80 70.25 69.64 67.27 75.12 72.82 64.37 65.58 63.58
wlo JERE 65.59 67.30 67.72 66.71 74.20 72.39 63.47 62.91 62.38
wlo BEHUIMBR5 5 65.62 67.81 68.13 67.04 74.53 72.60 63.82 63.36 62.74
APALSG(A30) 70.16 71.20 70.39 71.58 76.25 74.36 67.32 67.15 66.50
TE IR O R
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Figure 3

Interpretability analysis of attention punishment
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Figure 4 Analysis of AOM, AESAL and APALSG

FEAT ) SCAR A D7 TE R B . AESAL FIAR SC I
APALSG ¥ 1E 8 U T Fi 4 Jr 1 K = 6F 7 11 175 g pl
Mo B AEE T, AESAL G5 1R T Angelina 19 1%
2% A Pos , {H IE 1 15 26 M Neu. X AIfE &K A=
W ETR NG, REOT M XE XS T EERET,
LL oA F1 Elle — ¥ 22 ¥ 8 Poso TE X PR IE L T
APALSG 155 74 4y 2 2 30 10 U0 7 A 1 BB, BB 0% 1E 1 442 B
JT A 7 T 5 6 AT 43 T, B R T APALSG 7
MATE .MASC 1 IMASA 1 45 iyt d ik

4 #ig

AT APALSG 1 3% 71 #5511 H 38 N 2% >
W 37 5 B 3 R K A 2 8 A I RO A O
APALSG 38 2 % [T 1F 4 7 5 07 78 7] 50R m ok ) 1
TR B 8, NI A S g T R
FIn) L, SRk, 4 A R BRI 28 Xk R P9 %o 4 S H ok
RIEAT S AL, IR T B AN T R S
Y 50 6 B A N 2 ) R - SCAR X 2 [] 98 A 1 A i ¢
Z o % IETE Twitter-2015 | Twitter-2017 F1 MACSA %1
P L4 MATE . MASC 1 IMASA AT 55 , K 2 S5 1
i 2E W] APALSG #E A7 &5

S Sk

[1] Xu N, Mao W J, Chen G D. Multi-interactive memory net-
work for aspect based multimodal sentiment analysis[J].
Proceedings of the AAAI Conference on Artificial Intelli-
gence, 2019, 33(1): 371-378.

(2] sRHed, SR . HET 5 1 G155 I3 M 100 % B 1 32 i
BERILI]. W72 41, 2024, 52(7): 2307-2319.

Zhang Huanxiang, Peng Junjie. A deep semantic mining
model based on aspect-LevelSentiment analysis[J]. Acta

Electronica Sinica, 2024, 52(7): 2307-2319. (in Chinese)

[3] Yang X C, Feng S, Wang D L, et al. Few-shot joint multi-
modal aspect-sentiment analysis based on generative multi-
modal prompt[PP/OL]. V2. arXiv (2023-05-18) [2025-06-
23]. https://doi.org/10.48550/arXiv.2305.10169.

[4] Gao M, Zheng H F, Feng X X, et al. Multimodal fusion us-
ing multi-view domains for data heterogeneity in federated
learning[J]. Proceedings of the AAAI Conference on Artifi-
cial Intelligence, 2025, 39(16): 16736-16744.

[5] Chen QY, Jin X, Wang Y N, et al. Graph-based unsuper-
vised disentangled representation learning via multimodal
large language models[C]//Advances in Neural Information
Processing Systems 37. Neural Information Processing Sys-
tems Foundation, Inc. (NeurIPS), 2024: 103101-103130.

[6] Huang Q D, Dong X Y, Zhang P, et al. OPERA: Alleviat-
ing hallucination in multi-modal large language models via
over-trust penalty and retrospection-allocation[C]//2024
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE, 2024: 13418-13427.

[7] Li Z, Xu B, Zhu C H, et al. CLMLF: A contrastive learn-
ing and multi-layer fusion method for multimodal senti-
ment detection[PP/OL]. V4. arXiv (2022-06-14)[2025-06-
23]. https://doi.org/10.48550/arXiv.2204.05515.

[8] Xiao L W, Mao R, Zhao S, et al. Exploring cognitive and
aesthetic causality for multimodal aspect-based sentiment
analysis[J]. IEEE Transactions on Affective Computing,
2025, 16(4): 3248-3265.

[9] XuDF, Zhu Y K, Choy C B, et al. Scene graph generation
by iterative message passing[C]//2017 IEEE Conference
on Computer Vision and Pattern Recognition. Piscataway:
IEEE, 2017: 3097-3106.

[10] Yoon S, Kang W Y, Jeon S, et al. Image-to-image retriev-
al by learning similarity between scene graphs[J]. Pro-
ceedings of the AAAI Conference on Artificial Intelli-
gence, 2021, 35(12): 10718-10726.

[11] Wang Z C, You H X, Li L H, et al. SGEITL: Scene graph
enhanced image-text learning for visual commonsense
reasoning[J]. Proceedings of the AAAI Conference on Ar-
tificial Intelligence, 2022, 36(5): 5914-5922.

[12] Fu Z, Feng J H, Zheng C M, et al. Knowledge-enhanced
scene graph generation with multimodal relation align-
ment (student abstract)[J]. Proceedings of the AAAI Con-
ference on Artificial Intelligence, 2022, 36(11): 12947-
12948.

[13] Wang Z, Liu Y, Yang J N. BERT-based multimodal as-
pect-level sentiment analysis for social media[C]//Pro-

ceedings of the 2022 5th International Conference on Ar-



860 H, T

o
==

il 2026 4F

[14]

[15]

[16]

[17]

[20]

(21]

[22]

(23]

[24]

[25]

tificial Intelligence and Pattern Recognition. New York:
ACM, 2023: 187-192.

Yu J F, Jiang J, Xia R. Entity-sensitive attention and fu-
sion network for entity-level multimodal sentiment classi-
fication[J]. IEEE/ACM Transactions on Audio, Speech,
and Language Processing, 2020, 28: 429-439.

Hu M H, Peng Y X, Huang Z, et al. Open-domain target-
ed sentiment analysis via span-based extraction and classi-
fication[PP/OL]. V1. arXiv (2019-06-10)[2025-06-23].
https://doi.org/10.48550/arXiv.1906.03820.

Tang K H, Niu Y L, Huang J Q, et al. Unbiased scene
graph generation from biased training[C]//2020 IEEE/
CVF Conference on Computer Vision and Pattern Recog-
nition. Piscataway: IEEE, 2020: 3713-3722.
Rakhmatillayevich A M. GLove: Global vectors for word
representation[J]. American Journal of Multidisciplinary
Bulletin, 2025, 3(5): 359-364.

Yu J, Jiang J. Adapting BERT for target-oriented multi-
modal sentiment classification[C]. IJCAI, 2019.

Yang H, Si Z M, Zhao Y Y, et al. MACSA: A multimod-
al aspect-category sentiment analysis dataset with multi-
modal fine-grained aligned annotations[J]. Multimedia
Tools and Applications, 2024, 83(34): 81279-81297.

Zhou R, Guo W Y, Liu X M, et al. AoM: Detecting as-
pect-oriented information for multimodal aspect-based
sentiment analysis[PP/OL]. V1. arXiv (2023-05-31) [2025-
06-23]. https://doi.org/10.48550/arXiv.2306.01004.
Truong Q T, Lauw H W. VistaNet: Visual aspect atten-
tion network for multimodal sentiment analysis[J]. Pro-
ceedings of the AAAI Conference on Artificial Intelli-
gence, 2019, 33(1): 305-312.

Liu Y H, Ott M, Goyal N, et al. RoBERTa: A robustly
optimized BERT pretraining approach[PP/OL]. V1. arX-
iv (2019-07-26) [2025-06-23]. https://doi. org/10.48550/
arXiv.1907.11692.

Chen G M, Tian Y H, Song Y. Joint aspect extraction and
sentiment analysis with directional graph convolutional
networks[C]//Proceedings of the 28th International Con-
ference on Computational Linguistics. International Com-
mittee on Computational Linguistics, 2020: 272-279.

Yu J F, Jiang J, Yang L, et al. Improving multimodal
named entity recognition via entity span detection with
unified multimodal transformer[C]//Proceedings of the
58th Annual Meeting of the Association for Computation-
al Linguistics. Stroudsburg: ACL, 2020: 3342-3352.

Wu Z W, Zheng C M, Cai Y, et al. Multimodal represen-

(28]

[29]

[30]

[31]

[32]

[35]

tation with embedded visual guiding objects for named
entity recognition in social media posts[C]//Proceedings
of the 28th ACM International Conference on Multime-
dia. New York: ACM, 2020: 1038-1046.

Sun L, Wang J Q, Zhang K, et al. RpBERT: A text-image
relation propagation-based BERT model for multimodal
NER[J]. Proceedings of the AAAI Conference on Artifi-
cial Intelligence, 2021, 35(15): 13860-13868.

Ling Y, Yu J F, Xia R. Vision-language pre-training for
multimodal aspect-based sentiment analysis[PP/OL]. V2.
arXiv (2022-04-21)[2025-06-23]. https://doi.org/10.48550/
arXiv.2204.07955.

Yang L, NaJ C, YuJ F. Cross-modal multitask transform-
er for end-to-end multimodal aspect-based sentiment anal-
ysis[J].
59(5): 103038.

Zhu L, Sun H, Gao Q, et al. Joint multimodal aspect senti-

Information Processing & Management, 2022,

ment analysis with aspect enhancement and syntactic
adaptive learning[C]//Proceedings of the Thirty-ThirdIn-
ternational Joint Conference on Artificial Intelligence.
2024.

Sun H, Niu Z W, Wang H Y, et al. Multimodal sentiment
analysis with mutual information-based disentangled rep-
resentation learning[J]. IEEE Transactions on Affective
Computing, 2025, 16(3): 1606-1617.

Li J B, Liu R Y, Miao Q G, et al. CAETFN: Context
adaptively enhanced text-guided fusion network for multi-
modal sentiment analysis[J]. IEEE Transactions on Affec-
tive Computing, 2025, 16(4): 3122-3138.

Wu H Q, Cheng S L, Wang J J, et al. Multimodal aspect
extraction with region-aware alignment network[M]//Nat-
ural language processing and Chinese computing. Cham-
Springer International Publishing, 2020: 145-156.

Yan H, Dai J Q, ji T, et al. A unified generative frame-
work for aspect-based sentiment analysis[PP/OL]. V1.
arXiv (2021-06-08)[2025-06-23]. https://doi.org/10.48550/
arXiv.2106.04300.

Yang H, Zhao Y Y, Qin B. Face-sensitive image-to-emo-
tional-text cross-modal translation for multimodal aspect-
based sentiment analysis[C]//Proceedings of the 2022
Conference on Empirical Methods in Natural Language
Processing. Stroudsburg: ACL, 2022: 3324-3335.

Khan Z, Fu Y. Exploiting BERT for multimodal target
sentiment classification through input space translation[C]//
Proceedings of the 29th ACM International Conference
on Multimedia. New York: ACM, 2021: 3034-3042.



o2 W B RAE BT VAR A &~ 1437 5 R SR S TS AT 861
1EEEIT

"B R OJL 198348 H L Rl A
PR R AL B Bz . 2T )
N TR WP
E-mail: huang@hubu.edu.cn

XA J,20004F 2 7 A WAL E A A
B3R 1R /NS o X )R 2 B Ul e SR s U1
FET7 I R N T e S IR AT
E-mail: liuhj@stu.hubu.edu.cn

I BE L 19744F6 JIE WAL EE A
BRI R A AL BB . ERWFE 719
AE B A ORBAE T . R TR e 5y
%' :E190197582M
E-mail: zhangyan@hubu.edu.cn

% B P, 19824F9 A4 WAL A .
BB | = 230 R VIR e T8 e e T SR
R R LA,

E-mail: stevenyc@hubu.edu.cn

REE L, 19734F3 AL HHEE AL
A WAL R I 4 25 AL A B . R
FETT I R 2% S A A
E-mail: sjhhubu@126.com



