wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BRESA—HENTRRAZEMSHNSRESERS T
NESRR, FFHAE, DAL=

5IAEX

NEIRR, TR, MR, BERESTA SR TRAAREMENSESERS]. HENRSE 2026,
53(1): 187-194.

BU Yunyang, QI Binting, BU Fanliang. Multimodal Sentiment Analysis for Interactive Fusion of Dual
Perspectives Under Cross-modallnconsistent Perception [J]. Computer Science, 2026, 53(1): 187-

194.

BUXEEE (SERXIME IE JIREREEXE)

Similar articles recommended (Please use Firefox or IE to view the article)
EFERERNSZTHEERNENSESER—ES T

Multimodal Sentiment Analysis Based on Dominant Attention and Multi-space Domain Information
Collaboration

HEHNRIE, 2025, 52(11A): 250200022-9. https://doi.org/10.11896/jsjkx.250200022

EFSIEERABSRNENNRSICRNGIE
Multi-language Embedding Graph Convolutional Network for Hate Speech Detection

HENRIE, 2025, 52(11A): 241200023-8. https://doi.org/10.11896/jsjkx.241200023

BESBRMNNSESBRO HTERE

Multimodal Sentiment Analysis Model Based on Cross-modal Unidirectional Weighting

HENRIE, 2025, 52(7): 226-232. https://doi.org/10.11896/jsjkx.240600066

ETEHESBERMCEINSESBREDH

Cross-modal Hypergraph Optimisation Learning for Multimodal Sentiment Analysis

HEMREIEE, 2025, 52(7): 210-217. https://doi.org/10.11896/jsjkx.240600127

BIESRESHHERME MENBREEEN G E
Fake News Detection Based on Cross-modal Interaction and Feature Fusion Network

HEMEEE, 2024, 51(11): 23-29. https://doi.org/10.11896/jsjkx.231200186


https://www.jsjkx.com/CN/10.11896/jsjkx.241100029
https://www.jsjkx.com/EN/10.11896/jsjkx.241100029
https://www.jsjkx.com/CN/10.11896/jsjkx.250200022
https://doi.org/10.11896/jsjkx.250200022
https://www.jsjkx.com/CN/10.11896/jsjkx.241200023
https://doi.org/10.11896/jsjkx.241200023
https://www.jsjkx.com/CN/10.11896/jsjkx.240600066
https://doi.org/10.11896/jsjkx.240600066
https://www.jsjkx.com/CN/10.11896/jsjkx.240600127
https://doi.org/10.11896/jsjkx.240600127
https://www.jsjkx.com/CN/10.11896/jsjkx.231200186
https://doi.org/10.11896/jsjkx.231200186

http: /www. jsjkx. com

+ #u £
O tﬁlm suj‘u:? DOI: 10. 11896/jsikx. 241100029

BESA—HBRATHRBXEMENSESERS N

NEIBH FWE ML=
FEARAZA¥EREMNLL2¥K i 100038
(1252300321@qq. com)

 E AARBEAEAMNGFABFAHESEARFOE-—FARK B LRI LA B LG, AEHKR S

HEBERBOMFTERRARNE—ANAREZAGE L AGMEY a HEARER L ALANTELR . FHRERTZRMK

oy, I AR LG RBEEABAGAAEZNE  HEFPHFERRZ S EFRL L0, FHBATEALE P IARETE - REHY

B, A ERFARRT —AEREIR KB TRNA XL SEEFRINER, —F @ . AL B F B3 A

AMBA LB ERTERERL BRI LB ERGERIN AR RIARBEENF S AZLR, % —F @, A EN R
BB BATRABIFRA—HBE AL DI AL EBAIE TR IBAATHRLAERBIEOR T AMmITSERN i &%

K, £ MVSA-Single #o MVSA—Multipleﬁa&/u\/ ERBEHE LR ZER ERIEVIREG SBEIFRASTEAS AR AL

BAAL FIEAS ARG 0.59NMNTHEF0.39 AT 55, L7 A BARAR,

KB SBREE RO B RER R Al WA R LS ;SR BRERE

hESFESE  TP391.41;TP391.1

Multimodal Sentiment Analysis for Interactive Fusion of Dual Perspectives Under Cross-modal
Inconsistent Perception

BU Yunyang.QI Binting and BU Fanliang

College of Information Network Security,People’s Public Security University of China, Beijing 100038, China

Abstract In social media,people’s comments usually describe a certain sentiment region in the corresponding image,and there is
correspondence information between image and text. Most previous multimodal sentiment analysis methods only explore the inter-
actions between images and text from a single perspective,capturing the correspondence between image regions and text words,
leading to results that are not optimal. In addition.data on social media is strongly personal and subjective.and the sentiment in
the data is multidimensional and complex, which leads to the emergence of data with weak image and text sentiment consistency.
To address the above two problems, a multimodal sentiment analysis model with interactive fusion of two perspectives under
cross-modal inconsistency perception is proposed. On the one hand,cross-modal interaction of graphic and textual features from
both global and local perspectives provides a more comprehensive and accurate sentiment analysis, which improves the perfor-
mance and application of the model. On the other hand, the inconsistency scores of the graphical features are calculated to represent
the degree of graphical inconsistency,as a way to dynamically regulate the weights of the unimodal and multimodal representa-
tions in the final sentiment features.thus improving the robustness of the model. Extensive experiments are conducted on two
public datasets, MVSA-Single and MVSA-Multiple,and the results demonstrate the validity and superiority of the proposed mul-
timodal sentiment analysis model compared to the existing baseline models, with F1 values increasing by 0. 59 persentage points
and 0. 39 persentage points,respectively.
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Table 1 Preprocessed MVSA dataset

Dataset Positive Neutral Negative Total
MVSA-S 2683 470 1358 4511
MVSA-M 11318 4408 1298 17024

4.2 EWEBSEMIRE
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Table 2 Statistics of the datasets

Dataset Train Val Test Total
MVSA-S 3611 450 450 4511
MVSA-M 13624 1700 1700 17024
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Table 3 Metrics of accuracy and Fl-score on two datasets

. MVSA-Single MVSA-Multiple
Modality Model
Accuracy F1 Accuracy F1
CNN 0.6819 0.5590 0.6564 0.5766
Text BiLSTM 0.7012 0.6506 0.6790 0.6790
Bert 0.7111 0.6970 0.6759 0.6624
InceptionV3 0.6362 0.6304 0.6341 0.6207
Image
OSDA 0.6675 0.6651 0.6662 0.6623
CNN-Multi 0.6120 0.5837 0.6639 0.6419
HSAN 0.6988 0.6690 0.6796 0.6776
MultiSentiNet 0.6984 0.6984 0.6886 0.6811
CoMN-Hop6 0.7051 0.7001 0.6892 0.6883
Text-Image MVAN 0.7298 0.7139 0.7183 0.7038
MGNNS 0.7377 0.7270 0.7249 0.6934
SMP - - 0.7289 0.6696
MVCN 0.7606 0.7455 0.7207 0.7001

CIPIFDP(Ours) 0.7556 0.7514 0.7382 0.7040
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Table 4 Ablation experiment results

MVSA-Single MVSA-Multiple
Model

Accuracy F1 Accuracy F1
Only PT 0.7011 0.6818 0.6904 0.6760
Only HT 0.7033 0.6873 0.6915 0.6735
Only HI 0.7156 0.7046 0.7065 0.6889
Only PI 0.7176 0.7059 0.7041 0.6864
w/o CDR 0.7208 0.7102 0.7119 0.6876
w/o HI 0.7396 0.7389 0.7229 0.6984
w/o PI 0.7424 0.7401 0.7276 0.7006
CIPIFDP 0.7556 0.7514 0.7382 0.7040
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Fig. 3 Emotion feature visualization
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