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[ Abstract] To prevent important information containing emotional ctes from being obscured by irrelevant information
in discourse and to achieve multi-modal information interaction, a multi-modal emotion recognition model based on
dynamic convolution and residual gating is propesed by mining advanced local features and designing effective
interaction fusion strategies. Low-level features,high-level local features, and contextual dependencies from text, audio,
and images are extracted. While using cross. modal dynamic convolution to model inter-modal and intra-modal
interactions, interactions are simulated between long sequences in time domain, and interaction features of different
modalities are captured. A residual gated fusion method that fuses different modal interaction representations
automatically learns the impact weight of each interaction feature on the final output, and inputs the multi-modal fusion
feature into the classifier for emotion prediction. The experimental results show that this model prevents important
information regarding emotional cues from being obscured by irrelevant information in multi-modal data.The accuracy
of sentiment classification is 83.5% and 83.9% on the CMU-MOSEI and IEMOCAP datasets, respectively. The model
outperforms benchmark models such as Multi-modal Transformer(MulT) and Multi-Fusion Residual Memory(MFRM ).
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Fig.1 Structure of multi-modal-emotion recognition model based on dynamic convolution and residual gating
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Table 1 Experiment parameter setting
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Table 2 Experimental results on the CMU-MOSEI dataset %
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ek 2l LLE -

1) METN . RAVEN I LE-LSTM A % T~ 3% {4
RIRINEL 2 . MCTN ¥ — RIS e 8 o) — P S
S AT N Oy 26, LF-LSTM i F i 399 m 5 07 =X,
RAVEN 3 & 75 SCAS 1] 1 v 3 30 9 1 450 F0 At oke
SRR T R, X 3 AR M B A2 R A Tl RE
7843 I T B AT B SR A B P A A R
YRR

2)MulT .MFRM . MAG-BERT Fl Multilogue-Net
AT 8T 3 A AL AER R AT T i = . MFRM K W £
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EF-LSTM 86.0 84.2 80.2 80.5 85.2 84.5 67.8 67.1 79.8 79.0
MFN 86.5 84.0 83.5 82.1 85.0 83.7 69.6 69.2 81.1 79.7
MulT 90.7 88.6 86.7 86.0 87.4 87.0 72.4 70.7 84.3 83.0
MFRM 87.6 85.9 86.1 85.4 89.4 89.4 70.7 69.8 83.4 82.6
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Fig.4 Ablation experimental results of different input
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Fig.5 Ablation experimental results of cross-modal
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dynamic convolutional interaction module and residual
gating fusion module on the CMU-MOSEI dataset
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Table 4 Ablation experimental results on the kernel size of cross-modal dynamic convolution and the number

of interaction layers between multi-modals on the IEMOCAP dataset %
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