Interactive Multimodal Learning via Flat Gradient Modification (#1049)
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Introduction Methodology
Multimodal Learning Overall Framework
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Two Key Components of IGM:
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* Propose flat projection-based gradient modification strategy. Integrating ITwo Key Components:
* Introduce SAM based optimization to smooth objectives. * Updating rule during learning;
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Experiments
Experimental Settings Comparison with SOTAs Further Analysis
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Conclusion

e A flat-projection gradient modification based MML method is proposed to address the poor plasticity issue.
 SAM optimization algorithm is integrated in the loss function to smooth the objective function.
* Comprehensive experiments are conducted to demonstrate the superiority and etfectiveness of IGM.




