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Sentiment Analysis Framework Based on Multimodal Representation Learning

HU Xin-rong,CHEN Zhi-heng,LLIU Jun-ping, PENG Tao.YE Peng and ZHU Qiang
Hubei Provincial Engineering Research Center for Intelligent Textile and Fashion, Wuhan Textile University, Wuhan 430200, China
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School of Computer Science and Artificial Intelligence, Wuhan Textile University, Wuhan 430200, China

Abstract In the process of learning the overall loss of multimodal representations,the dependence of reconstruction loss on the
model is relatively less,resulting in hidden representations that cannot effectively capture the details of their respective modali-
ties. This paper proposes a multi-subspace sentiment analysis framework. Firstly, the framework projects each modality to two
distinct utterance representations:modality-invariant and modality-specific. We construct the main shared subspace and the auxi-
liary shared subspace that helps the main subspace to reduce the modality gap in the modality-invariant representation. Also,con-
struct the private subspaces in the modality-specific representation to capture the characteristic features of each modality. We take
the hidden vectors in all subspaces as the input of the decoder function and reconstruct the modal vector to achieve optimization of
reconstruction loss. Secondly,in the fusion procedure, we perform a multi-headed self-attention based on Transformer on these
representations,so that each cross-modal representation can induce potential information from fellow representations that have a
synergistic effect on the overall emotional orientation. Finally, we construct a joint-vector by using concatenation and use fully
connected layers to generate task predictions. Experimental results on both MOSI and MOSEI datasets show that the proposed
framework outperforms the baselines in most evaluation criteria.

Keywords Multimodal representation,Sentiment analysis, Transformer, Self-attention, Cross-modality
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Table 1 Datasets segmentation in experiment
Datasets train dev test
MOSI 1283 229 686
MOSEI 16315 1871 4654
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Table 2 Performance comparison of MSSA framework and baselines

in MOSI dataset

Models Acc-2 F-Score Acc-7 MAE Corr
RMFN 78.4/ 78.0/ 38.3 0.922 0.681
RAVEN 78.0/ 76.6/ 33.2 0.915 0.691
MCTN 79.3/ 79.1/ 35.6 0.909 0.676
CIA 79.8/ 79.5/ 38.9 0.914 0. 689
MulT /83.0 /82.8 40.0 0.871 0. 698
TFN /80. 8 /80.7 34.9 0.901 0.698
LMF /82.5 /82.4 33.2 0.917 0. 695
MFM /81.7 /81.6 36.2 0.877 0.706
ICCN /83.0 /83.0 38.9 0. 860 0.710
MISA 77.8/80.5  77.8/80.6 42.7 0.799 0.737
MMD 77.6/79.6  77.5/79.6 39.9 0.872 0.705
MSSA 80.2/82.6 80.0/82.6 43.6 0.792 0.745
SOTA1L 00‘_44?/ 00'.‘11’/ 0.94  0.0074  0.0084
SOTA2 22"41 ﬁﬁ/ 22"20?/ 0.94 0.007 4 0.008 4

# 3 MOSEIL: MSSA HEJE 1R 5 S Lk S R L 45 2R
Table 3 Performance comparison of MSSA framework and baseline

model in MOSEI dataset

Models Acc-2 F-Score Acc-7 MAE Corr
RAVEN 79.1/ 79.5/ 50.0 0.614 0.662
MCTN 79.8/ 80.6/ 49.6 0.609 0.670
CIA 80.4/ 78.2/ 50. 1 0. 680 0.590
MulT /82.5 /82.3 51.8 0. 580 0.703
TFN /82.5 /82.1 50. 2 0.593 0.700
LMF /82.0 /82.1 48.0 0.623 0.677
MFM /84. 4 /84.3 51.3 0.568 0.717
ICCN /84.2 /84.2 51.6 0.565 0.713
MISA 81.6/84.7 82.1/84.7 52.2 0.551 0.754
MMD 81.9/84.8  82.4/84.9 51.3 0.556 0.749
MSSA 83.3/85.6  83.6/85.5 53.2 0.542 0.759
. .74/ 1.54/ _
SOTA 0.9 0.8 4 1.o4 0.009 4 0.005 4
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Table 4 Ablation experiment results of MSSA {ramework

Number Models MOSI MOSEL

MAE Corr MAE Corr
1 MSSA-« 0.923 0.710 0.547 0.758
2 MSSA-3 0.828 0.738 0. 540 0.762
3 MSSA-y 0.874 0.708 0.551 0.756
4 MSSA-MS 0.821 0.743 0.551 0.757
5 MSSA-MI 0.836 0.723 0.554 0.758
6 MSSA-msFusion 0. 857 0.714 0.555 0.755
7 MSSA-miFusion 0. 849 0.738 0.548 0.760
8 MSSA-X 0. 869 0.723 0.551 0.753
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