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1. Why this problem matters
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• Video diffusion models need very long sequences, 

so self-attention becomes the main inference 

bottleneck.

• The paper notes that a 10-second video can 

exceed 50K tokens.

• Sparse attention helps, but often still keeps more 
than half of dense-attention computation.

• Directly replacing all layers with linear attention 

usually hurts video quality.

Question: can efficient post-training 

make linear attention practical for video 

generation?

Problem matters more as 

videos get longer.



2. Observation: layer replaceability is uneven
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• Some layer ranges can move to linear 

attention with little loss.

• Others damage subject consistency, 
image quality, and motion much more.

The problem is not only how to train 

linear attention, but also which layers 

to convert.



3. LinVideo overview
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• Selective Transfer decides where to replace quadratic attention.

• ADM tells the converted model how to stay close to the original model during post-training.



4. Method I - Selective Transfer
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• Learn a score r instead of hand-
picking layers.

• Convert layers progressively, not all 
at once.
• Use a constraint + regularizer to end 

with near-binary decisions.

Layer selection becomes 

learnable, not heuristic.



5. Method II - ADM
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• MSE is too local.
• Few-step matching is expensive.

• ADM matches the original model 
along the whole denoising trajectory.

ADM keeps the converted model 

close to the original one along the 

full denoising path.



6. ADM is both better and faster
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• The paper reports about 4.4× lower training time 

than DMD-style alternatives that need an extra 
score model.

• So ADM improves both quality and practicality.



7. Main quantitative results
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Wan 1.3B
• 1.43× speedup

• better benchmark quality 

than efficient baselines

• 15.9× with DMD2-distilled 

model

Wan 14B
• 1.71× speedup

• stronger quality than 

compared efficient methods

• 20.9× with DMD2-distilled 

model



9. Qualitative behavior
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• Converted LinVideo still keeps scene 

layout, color, and motion plausible.

• The examples support the paper's 

claim that selective, trajectory-aware 

transfer is visually robust.

LinVideo preserves quality 

where direct linear replacement 

usually breaks.



10. Takeaways
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• Convert part of video-DM attention from 𝒪 𝑛2  

to 𝒪 𝑛 .
• Selective Transfer chooses where to convert.
• ADM tells the converted model how to stay 

close to the original one.

1.43× - 1.71×
standard-model speedup

15.9× - 20.9×
with DMD2-distilled models

One-line message:

linear attention becomes 

practical when transfer is 

selective and trajectory-aware.



Thank you!
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