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ABSTRACT

Multimodal classification systems often suffer from severe performance drops when one or more input modalities are missing or corrupted. To address this issue, we propose a lightweight and robust framework based

on prompt learning. Our method introduces learnable prompt tokens at both the input and attention levels, enabling the model to capture reliable cross-modal representations even in challenging conditions.
By simulating various degradation scenarios during training, the model gains resilience to missing or noisy inputs. Experiments on the UrbanSound8K-AV and CIFAR10-AV datasets demonstrate that our approach
outperforms existing methods—such as CAV-MAE, LoRA, and Adapter—achieving up to 10.4% higher accuracy, while reducing training time by 96% and memory usage by 82.3%. These results highlight the practicality

and efficiency of prompt learning for robust multimodal classification in real-world settings.
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RESULT

Comparison Accuracy Efficient Analysis
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