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Contribution

* 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.
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Fxperiments
Model Long-form Video Temporal Spatial
LVB MLVU,;.,; TimeScope LTS Tomato VSIBench
L.LaVA-OneVision-7B (Li et al., 2024a) 56.3 — — — 25.5 32.4
LLaVA-Video-7B (Zhang et al., 2024c¢) 58.2 — 74.1 34.0 — 35.6
VideoLLaMA?3-8B (Zhang et al., 2025a) 59.8 47.7 69.5 — — —
InternVL2.5-8B (Chen et al., 2024¢) 60.0 — 55.8 — — —
Video-XL-2 (Qin et al., 2025b) 61.0 52.2 — — — —
Qwen2.5-VL-7B (Qwen et al., 2025) 58.7 51.2 81.0 40.7 22.6 29.7
Qwen2.5-VL-7B-AWQ (Team, 2024) 59.0 46.0 — — — 35.0
Qwen2.5-VL-7B-SFT 57.8 51.2 76.8 40.2 21.7 30.5
Token Compression Methods
+ FastV (Chen et al., 2024a) 57.3 41.8 46.5 35.6 21.6 32.0
+ VScan (Zhang et al., 2025b) 58.7 48.1 80.3 31.1 19.1 34.4
+ VisionZip (Yang et al., 2025c¢) 52.4 33.1 43.5 40.4 23.6 32.1
Sparse Attention Methods
+ Tri-Shape (Li et al., 2024c¢) 59.5 49.2 82.7 28.4 22.1 34.9
+ Mlnference (Jiang et al., 2024) 59.2 49.2 82.7 44.4 23.0 36.5
+ FlexPrefill (Lai et al., 2025) 58.4 46.0 83.0 39.1 23.7 34.0
+ XAttention (Xu et al., 2025a) 59.1 50.2 83.1 41.1 21.4 36.6
VideoNSA 60.0 51.8 83.7 44.4 26.5 36.1
- - - - - Table 12: Results on LSDBench (Qu et al.,[2025)).
Branch Long Video Understanding Temporal Reasoning Spatial Understanding
CMP SLC SWD LVB MLVU,.,; TimeScope LTS Tomato VSIBench Model Accuracy
LongVA (Zhang et al.,[2024b) 32.5
v 48.1 439 415  25.1 23.3 29.2 LongVila (Chen ot al.,[2024b) 49.8
‘/ 48 4 m @ ﬂ 2 40 27 6 InternVL2.5 (Chen et al.} 2024c) 50.1
v 491 402 593 298 24.0 29.8 SN g il o) R
. / 494 427 513 324 23.5 29.4 T Shape (L1 ot ] 3027} 1935
v vV 493 424 652  34.4 23.0 29.1 + Mnference (Jiang et al.|[2024} 49.5
[V sy w4 513 6w 03 jmeemdsadaly T o
v v vV 600 518 837 444 26.5 36.1 | —
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Model Long Video Understanding Temporal Reasoning Spatial Understanding 2.0- selection.
LongVideoBench MLVUr.s;  TimeScope LongTimeScope Tomato VSIBench “15; Zﬁg: r?g;evi?::;)w
Qwen2.5-VL-7B 58.7 51.2 81.0 40.7 22.6 29.7 5 1.0
Dense-SFT 57.8 (-1.5%) 51.2(+0.0%) 76.8(-52%) 40.2(-1.2%) 21.7 (-4.0%) 30.6 (+2.1%) b
Dense-NSA 56.1 (-4.4%)  51.6 (+0.8%) 83.0 (+2.5%) 40.9 (+0.5%) 23.4 (+3.5%) 33.1 (+10.7%) 0>
VideoNSA 594 (+1.1%) 351.8 (+1.2%) 82.7 (+2.1%) 44.4(+9.1%) 26.2 (+15.9%) 36.1 (+20.3%) 0.0
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Figure 7: Attention sinks distribution of different branches. VideoNSA maintains a low overall sink
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