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Feature alignment method for multimodal sentiment analysis based on

hybrid supervised contrastive learning

Jin Chenghao, Zhu Cuitao’
(Hubei Key Laboratory of Intelligent Wireless Communication, South-Central Minzu University, Wuhan 430074,
Hubei China)

Abstract To address the problem of insufficient modal alignment before feature fusion in multimodal sentiment analysis,
an emotion score difference-guided hybrid supervised contrastive learning method that operates on both intra-modal and
cross-modal relationships is proposed. Specifically, the method uses differences between sample labels to construct
positive and negative sample pairs, where samples with smaller differences are regarded as positive pairs and those with
larger differences are regarded as negative pairs. Based on this, supervised contrastive learning is performed to capture
affective semantic relationships within and across modalities, thereby encouraging features from different modalities to
align more consistently in the semantic space. In addition, a dynamic attention-weighted fusion mechanism is introduced to
optimize feature fusion by adaptively estimating the contribution of each modality for the current sample. Comparative
experiments on different datasets demonstrate the effectiveness of the proposed method. Compared with baseline models,
the proposed method achieves a maximum improvement of 19.98% in five-class accuracy and 0.167 in Pearson correlation
on the CMU-MOSI dataset; a maximum improvement of 3.07% in seven-class accuracy on the CMU-MOSEI dataset; and
maximum improvements of 7.66% and 9.19% in binary and three-class accuracy, respectively, as well as 7.71 in F1
score, on the CH-SIMS dataset.

Keywords multimodal sentiment analysis; modal alignment; supervised contrastive learning
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Tab. 1 Performance comparison on the CMU-MOSI test set
MOSI
Model
Acc_2/% F1 Ace_5/% Ace_7/% MAE Corr
TFN 76.82/77.74 76.72/77.70 37.76 33.67 0.961 0.633
LMF 75.36/76.37 75.43/76.51 32.94 31.34 1.010 0.656
Graph_MFN 77.55/78.66 77.40/78.56 41.11 36.88 0.942 0.642
BERT_MAG 82.65/84.45 82.68/84.41 52.04 45.77 0.713 0.793
Mult 80.61/82.01 80.40/81.85 41.69 36.01 0.893 0.689
MISA 80.32/82.01 80.35/82.10 47.81 42.42 0.780 0.774
MMIM 82.36/84.45 82.32/84.47 46.36 41.11 0.779 0.767
ALMT 81.20/82.62 81.16/82.64 48.40 43.73 0.767 0.774
TETFN 80.90/82.32 80.91/82.38 49.42 43.29 0.736 0.790
SELF_MM 80.32/82.47 80.28/82.50 52.33 45.48 0.750 0.772
Prisa 81.60/83.50 81.60/83.60 49.90 43.00 0.768 0.772
AR AL 83.53/85.37 83.51/85.40 52.92 44.90 0.701 0.800
F2  CMU-MOSELMIRLE I iy d:RE Lk
Tab.2 Performance comparison on the CMU-MOSEI test set
MOSEI

Model
Ace_2/% F1 Ace_5/% Ace_1% MAE Corr
TFN 75.75/82.03 76.75/82.19 53.19 51.64 0.574 0.713
LMF 81.50/85.17 82.01/85.17 54.43 52.89 0.553 0.745
Graph_MFN 73.36/80.88 74.59/81.17 52.56 51.21 0.573 0.723
BERT_MAG 80.58/84.87 81.23/84.94 54.48 52.61 0.544 0.762
Mult 79.24/84.59 79.97/84.63 54.52 52.87 0.558 0.740
MISA 82.72/85.36 83.02/85.25 53.87 52.35 0.547 0.763
MMIM 83.24/83.27 83.00/82.76 53.81 52.01 0.575 0.724
ALMT 81.61/85.75 82.16/85.77 54.97 53.40 0.535 0.770
TETFN 81.07/85.11 81.58/85.08 55.76 54.00 0.539 0.763
SELF_MM 79.70/84.18 80.31/84.17 55.25 53.53 0.532 0.763
Prisa 79.20/84.40 79.90/84.40 55.80 54.00 0.540 0.758
AR SCAGAY 84.98/85.53 84.82/85.48 55.87 54.28 0.525 0.779
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Tab.3  Performance comparison on the CH-SIMS test set
Model SIS
Acc_2/% Acc_3/% Acc_5/% F1 MAE Corr
TFN 74.84 62.80 38.29 75.21 0.444 0.546
LMF 77.46 67.18 42.01 76.97 0.428 0.588
Graph_MFN 77.02 67.18 4333 77.18 0.433 0.584
BERT_MAG 72.65 59.96 39.17 72.56 0.471 0.473
Mult 77.24 65.65 38.73 77.15 0.443 0.578
MISA 77.24 64.33 41.14 77.24 0.440 0.546
MMIM 73.74 63.02 37.42 73.46 0.478 0.482
ALMT 76.81 65.65 40.70 77.10 0.424 0.583
TETFN 77.90 64.33 42.45 78.26 0.410 0.582
SELF_MM 77.90 64.11 41.58 77.64 0.417 0.582
Prisa 76.37 65.65 38.73 76.22 0.424 0.610
AR SCAR AL 80.31 69.15 44.20 80.27 0.423 0.587
F4  HOATE CMU-MOSIEURAE A5 T Al se i
Tab. 4 Modal ablation experiments of the model on the CMU-MOSI dataset

Model Acc_2/% F1 Acc_5/% Ace_7/% MAE Corr
wlo SUAR 61.52/61.74 61.57/61.90 18.37 18.37 1.337 0.241
wlo T4 81.05/82.32 81.10/82.42 45.19 38.63 0.835 0.762
wilo WA 80.32/81.10 80.37/81.21 47.52 39.94 0.853 0.774
SERERIAY 83.53/85.37 83.51/85.40 52.92 44.90 0.701 0.800
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Tab.5 Module ablation experiments of the model on the CMU-MOSI dataset

5 HOAE CMU-MOSIEHRAE A5 He Y mlse 6

Model Ace_2/% F1 Ace_5/% Ace_11% MAE Corr
wlo HSCL 82.36/83.84 82.27/83.92 48.40 41.11 0.761 0.782
wlo DAWF 82.51/84.15 82.40/84.11 51.60 4475 0.748 0.791
wlo ALL 81.78/83.08 81.80/83.16 46.36 40.23 0.794 0.774
SE R G 83.53/85.37 83.51/85.40 52.92 44.90 0.701 0.800
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Fig. 5 Feature distribution visualization
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