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What is the task?
Action recognition is an important task in the field of computer vision that entails classifying human actions 

depicted in video frames. Think of it as the video counterpart of image classification.
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Understanding Compressed Video Modalities
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The Structure in Compressed Videos
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Modeling Compressed Video Representations

Original motion vectors and residuals 
capture only interframe changes, often with 
low signal-to-noise ratios, making them 
difficult to model.

These observations motivate us to 
investigate accumulated P-frames to 
aggregate longer-term differences, allowing 
better visualization of pixel ownership for 
moving objects
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Unified Spatio-Temporal Modeling of Compressed Modalities

Spiking Temporal Modulator
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Unified Spatio-Temporal Modeling of Compressed Modalities
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Performance Evaluation
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Where was the model "looking" to make its decision? 
Kinetics-400 DatasetUCF-101 Dataset
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Ablation Insights – Investigating Modality/Architecture Choices
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Summary
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• To efficiently learn robust spatio-temporal representations that can 
effectively model both local and global contexts, this paper re-examines 
the design of established video understanding backbones. 

• Motivated by the practical observation that decompressing videos is 
not only an overhead but also an inconvenience representations 
become less robust and increases dimensionality to make training 
computationally challenging, we propose a lightweight yet powerful
factorized end-to-end framework to unify the advantages of 
compressed video modalities in a compact way. 

• The efficacy of our design choices in effectively modeling shared 
spatiotemporal statistical patterns in the compressed representation is 
evidenced by our strong performance on five public benchmarks while 
offering sizeable benefits in computational cost and inference latency. 

• The resulting design is an excellent choice for resource-constrained 
edge applications and hopes to inspire future work toward efficient 
video understanding systems not requiring decoded videos.



Thank You!
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