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Introduction

Fine-grained action recognition remains a challenging task due to subtle inter-class differences and significant
intra-class variations. Existing methods often rely on single-modality inputs such as RGB or skeleton data, which
limaits feature completeness and robustness. To overcome these limitations, we propose a Multimodal Feature
Collaboration and Fusion framework that enhances cross-modal complementarity for efficient fine-grained action
understanding.
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Our framework leverages skeleton-guided cropping to suppress redundant background in RGB videos, integrates a
Spatio-Temporal Attention and Aggregation module to capture both short-term motion and long-term temporal
dependencies, and introduces a Class-aware Contrastive Learning scheme to strengthen feature discriminability
across similar actions. Through score-weighted fusion of multimodal features, our approach achieves state-of-the-
art performance with reduced computational cost.
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Feature Contrastive Learning

We first perform skeleton-guided cropping on RGB frames, where skeleton joint coordinates localize
motion regions and remove background redundancy. This operation achieves data-level fusion, allowing
skeleton information to guide RGB feature extraction from the very beginning.

* At the decision level, a score-weighted fusion combines recognition results from RGB and skeleton
modalities according to their confidence, ensuring that each modality contributes optimally to the final
prediction.
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