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Figure 1 Multimodal sentiment analysis model framework
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Figure 2 Cross-modal spatio-temporal attention
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Figure 3 Contextual gating
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Table 2 Experimental results comparing the proposed model to baseline models
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Y Ace/ % Recall/ % F1/% AUROC/ % Pre/ % R
W1#/GB H2/ % BRIt A] /s
EMO-GCN 63. 50 63. 50 63. 26 75. 31 63. 02 11.50 91.00 48.00
MFN!* 65. 50 65. 50 63. 31 65. 54 61.26 11.50 85. 00 45.00
MMGCN"" 67.50 67.50 67.05 83. 44 66. 61 11.50 86. 00 45.00
LMF" 69. 50 69. 50 68. 67 89.57 78.01 11. 60 86. 00 46. 00
ALMT!! 70. 00 70. 00 65.57 87.17 77.57 11.50 90. 00 47.00
TETFN'* 73.00 73.00 72.79 87.67 78.13 11. 60 83.00 51.00
MulT ! 77. 00 77. 00 75.74 82. 65 74.52 11.60 83. 00 45.00
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AR S 81. 45 81.45 80. 84 96. 40 80.23 7. 800 98. 00 73. 00
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Table 3 Model ablation experiment results
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Vv Vv 77. 67 77. 67 77. 84 89. 21 79. 89
Vv Vv 73.00 73.00 73.01 80. 37 73.00
Vv Vv 72. 00 72.00 72.23 83.43 73.71
Vv 59.00 59.00 43.79 48.53 34.81
Vv Vv Vv 81.45 81. 45 80. 84 96. 40 80. 23
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Figure 5 Impact of learning rate on model performance
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Scientific Reports,

Sentiment Analysis with Cross-modal Spatio-Temporal Attention and Contextual Gating

LI Lihong"?, LI Zhixun'?, LIU Weiwei'?, QIN Xiaoyang'’

(1. Department of Science, North China University of Science and Technology, Tangshan 063210, China; 2. Hebei Province Key La-
boratory of Data Science and Application, North China University of Science and Technology, Tangshan 063210, China)

Abstract; Multimodal sentiment analysis is hindered to capture the temporal dynamics of multimodal data by inter-
action inconsistencies due to modality heterogeneity, the complexity of linguistic scenarios, and the inability of stat-
ic cross-modal attention, limiting deep modality correlation mining and sentiment classification performance. To ad-
dress these challenges, a multimodal sentiment analysis framework was proposed incorporating cross-modal spatio-
temporal attention (CM-STA) to capture spatio-temporal dependencies among text, image, and audio, enhancing
cross-modal interactions. Contextual gating (CG) dynamically filtered features strongly correlated with emotional
expressions, emphasizing key sentiment information. A Transformer cross-modal fusion interaction ( TCMFT) lever-
aged multi-head self-attention and bilinear pooling for efficient deep cross-modal fusion. Experiments on the TESS
(audio) and MVSA-Multiple (text, image) datasets yielded an accuracy of 81.45% , an F1 score of 80. 84% , and
an AUROC of 96. 40% , outperforming the best baseline model MISA by 0. 95 percentage points, 0. 24 percentage
points, and 7.91 percentage points, respectively. Computational complexity analysis revealed that the proposed
model occupied 7.8 GB of GPU memory with a 98% GPU utilization rate, achieving efficient fusion with low spatial
complexity and high GPU utilization, surpassing baseline models in performance. These results demonstrated the
superior performance and robust effectiveness of the proposed model in complex multimodal sentiment analysis sce-
narios.

Keywords: multimodal sentiment analysis; spatio-temporal attention; contextual gating; Transformer cross-modal

fusion; cross-modal interaction
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