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Key video moments can occur anytime; 

in soccer, decisive events last only 

seconds of a 90-minute game.
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• We propose VideoNSA, a hardware-aware native sparse 

attention mechanism, and systematically investigate its 

effectiveness for video understanding, scaling up to a 128K 

vision context length.

• We introduce hybrid sparse attention in VideoNSA, enabling 

flexible allocation of information and attention budgets to 

achieve optimal performance across diverse task.

• We dynamically combine global and local attention through 

three complementary branches, which effectively reduce 

attention sinks in long vision contexts.

Sparse Attention Training Benefits Dense Attention Inference 

Stable Context Length Scaling 

Sensitive Attention Budget Scaling NSA Reduces Attention Sinks 

Gate Weight Differs from Text-Only

Latency

𝐾𝑎𝑡𝑡𝑛 = 𝐵𝑙𝑜𝑐𝑘 𝑆𝑖𝑧𝑒 × 𝐵𝑙𝑜𝑐𝑘 𝐶𝑜𝑢𝑛𝑡 + 𝑊𝑖𝑛𝑑𝑜𝑤 𝑆𝑖𝑧𝑒

With context length 𝐿, the fraction of attention used  𝛾 = 𝐿(𝑐𝑠+𝑤)
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