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Multi-modal Emotion Recognition Based on Dual Gradient Modulation

HUANG Xinru, CHENG Li, CHEN Riqing, LAN Linyi
(College of Computer and Information Sciences, Fujian Agriculture and Forestry University , Fuzhou 350002, China)

Abstract: A multimodal emotion recognition method based on dual gradient amplitude modulation is proposed to address the inherent hetero-
geneity of modal data in multimodal emotion recognition, which limits the model’s ability to fully perceive emotional information and leads to
an imbalance in modal contribution. This method utilizes predefined modal contribution ratios to dynamically monitor the learning contribu-
tions of each modality, adjusts the gradient amplitude in a timely manner based on the contribution differences, optimizes the backpropagation
process, reduces the suppression of dominant modalities on weaker modalities, and promotes the model to comprehensively capture key emo-
tional information in each modality. The recognition accuracy of this method on three publicly available emotion recognition datasets, CREMA-
D, CMU-MOSI, and RAVDESS, reached 74.05%, 60.06% , and 46.31%, respectively. Compared with the best performing control model, it
improved by 4.01%, 4.23%, and 3.17%, respectively, and can better complete multimodal emotion recognition tasks.
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Table 1 Performance comparison with other methods for mitigating

imbalance
*1 SHEHMZEBAFEAENEEILE (%)
Ik CREMA-D CMU-MOSI RAVDESS
FLER A 66.13 55.25 41.03
OGM-GE 67.88 55.83 41.51
AGM 70.04 55.75 43.14
AICH 74.05 60.06 46.31
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Table 2 The alleviation effect of various methods on the imbalance of

modal contribution
FR2 BAENESABEATENEBUR (%)
AR R SRS USRS SRS 5 R R

ik % MIRIES WERfR RS HER R 2
LAY 41.03 40.71 18.11 22.60
OGM-GE 41.51 39.42 17.47 21.95

AGM 43.14 39.04 16.70 2234
AT 46.31 39.90 23.24 16.66
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LAVISH™ \MA-AVT™ S5 5035 3. B4 56T CNN Al
Transformer f% 15 /B R 1) T 32 18 P B AR T X6 R R ASE 5 A
TR VGBI (% T )11 0 g A ) 1) 2 ) A SC 5 125k
IR ResNet I8 /1 R gt a , 28w AU 22.35 M, Hoxt I
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Table 3 Comparison with emotion recognition methods based on

CNN and Transformer

#3 5ET CNN 5 Transformer B1E B2 A 77 A I bL 48

HIRSEL

Tk REE I TE Sr B & HER 2%
PSP VGG-19 VGGish 231.5 62.5
AVEL ResNel—152 VGGish 136.0 59.7
CMRAN ResNet-152 VGGish 148.2 61.8
MM-Pyramid ResNet-152 VGGish 176.3 63.1
MBT ViT-B-16 ViT-B-16 206.4 70.7
LAVISH ViT-B-16 ViT-B-16 110.4 69.7
MA-AVT ViT-B-16 ViT-B-16 110.2 723
ARSI ResNet18 ResNet18 22.4 74.1
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Table 4 Comparison with traditional fusion methods

FR4 HEREFAENLER (%)
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PrzmG T 74.05 58.46
AHINRLS 66.53 59.18
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