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An audio-visual multimodal balanced learning method based on
adaptive gradient modulation

WANG Zhongmei', AO Wenxiu', LIU Jianhua', JIA Lin', ZHANG Changfan',

PENG Shen’ao', LIU Jinping®
(1. School of Railway Transportation, Hunan University of Technology, Zhuzhou 412007, China; 2. College of Information Science
and Engineering, Hunan Normal University, Changsha 410081, China)

Abstract: To address the challenge in audio-visual multimodal learning, where differing learning rates across modalit-
ies cause one to dominate and suppress others, thereby weakening the multimodal collaborative decision-making pro-
cess, a novel multimodal balanced learning method based on adaptive gradient modulation (AGM-CR) is proposed. This
method employs modulation coefficients that dynamically adjust the learning rates of individual modalities according to
their gradient variations. Additionally, it incorporates a gradient balancing strategy that integrates modality-specific
gradient losses into the total loss as a regularization term. Together, these mechanisms reduce gradient disparities, foster-
ing a more balanced and effective learning process. Experimental evaluation on the CREMA-D and RAVDESS datasets
demonstrates that AGM-CR improves classification accuracy by 2.5 and 3.3 percentage points, respectively. Further-
more, AGM-CR stabilizes training by minimizing gradient fluctuations across iterations, which accelerates convergence.
Importantly, AGM-CR functions as a plug-and-play approach, enhancing flexibility and generalizability compared with
existing balancing approaches.

Keywords: balanced learning; multimodal learning; gradient modulation; adaptive learning; multimodal gradient balan-

cing; learning rate; audio-visual multimodal; collaborative decision-making
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Table 1 Hyperparameter settings employed for different
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AGM-CR 53X BiF R AF Bl & SR W 45 A 0, AR
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Table 3 Comparison with the latest balancing method on
the CREMA-D dataset

Jrik HERI/%
FLRH P 2% (Resnet18) 58.9
OGM!" * 59.0
OGM-GE!"* 59.9
PMR!"3 61.1
AGM-CR 61.4
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Fig.3 Accuracy changes exhibited by the baseline model
and the model with AGM-CR over numerous itera-
tions
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ous epochs
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Table 4 Ablation study results obtained on the CREMA-D

dataset
ik HERHF%
Resnet18 (Summation+FC) 58.9
AGM (Summation+FC 4) 59.2
AGM-CR(Summation+FC 4 4) 61.4

TE: 7R ANNIEII, & 4 <A E 5,

% 4 @R, 7F CREMA-D B#i4E |, fdi [ Res-
net18 $EHURFAF, 31 R AESROAN 5 28 43 42 2 T
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JE 6 (AGM) B HERf R4 TH T 0.3 Ao mis E— 245
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Table 5 Experiments with SGD and Adam optimizers on
the CREMA-D dataset

efeds HEBRR/%
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Adam 59.1
SGD+ + 61.4
Adam 4 4 59.6
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