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Introduction

• DiTs dominate SOTA video diffusion models
• Quadratic self-attention (Softmax) complexity is the real bottleneck.

•    : #tokens,    : #denoising steps,    : feature dim, 
     : #context tokens,   : #blocks

• For Wan2.1 1.3B 480p n=~33k
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• Linear attention2

You can turn linear causal attention into RNN!

Sadly linear attention is under-expressive! :(

1. Team Wan et al. "Wan: Open and advanced large-scale video generative models." arXiv preprint arXiv:2503.20314 (2025).

2. Katharopoulos et al. "Transformers are RNNs: Fast autoregressive transformers with linear attention." ICML 2020.
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Attention Surgery in a Glance

• What? 
• Combine:

• Efficiency of the linear attention.
• Expressiveness of Softmax.

• Avoid the excessive cost of training models from scratch.

• How?
• Leverage Hybrid attention, inspired by recent developments in LLMs1

• Efficient tuning recipe to linearize/hybridize existing SOTA bidir. Softmax model 
(Wan2.1 1.3B2)
• Block-wise attention distillation.
• Light-weight fine-tuning.

• Outcome?
• Training within only <400-gpu-hours, 2 orders of magnitude faster than SANA-

video.
• Efficient hybrid model with negligible loss in quality

O
ri

g
. 
W

a
n

2
.1

 1
.3

B
H

y
b

ri
d

 a
tt

e
n

ti
o

n
 

w
it
h

 d
is

ti
lla

ti
o

n
L

in
e

a
r 

a
tt

e
n

ti
o

n
 

w
it
h

 d
is

ti
lla

ti
o

n
L

in
e

a
r 

a
tt

e
n

ti
o

n
 

w
it
h

o
u

t 
d

is
ti
lla

ti
o

n

“An astronaut flying in 
space, Van Gogh style.”1. Zhang et al. "Lolcats: On low-rank linearizing of large language models." ICLR 2025.

2. Team Wan et al. "Wan: Open and advanced large-scale video generative models." arXiv preprint arXiv:2503.20314 (2025).
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Attention Surgery
Methods
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* Zhang et al. "Lolcats: On low-rank linearizing of large language models." ICLR 2025.
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More on Polynomial Feature Mapping

• Design:
• d-layer MLP, with degree-P polynomial:  

• ReLU non-linearity on the last layer
• To guarantee the non-negativity requirement of the kernel trick. 

• Rationale
• Learnable 

• Opposed to non-learnable elu(x)+1 in original attention
• Increase the rank and expressiveness of linear branch

• Polynomial:
• Facilitate approximating the large dynamic range of exponential:
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Attention distillation doesn’t require video datasets; rather textual prompts only.
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Qualitative Results After Pretraining Distillation
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Heterogeneous Arch. & Overview

Residual Error of using 
rate r at i-th block 

Optimization var: Are we
using rate r at i-th block?

Compute Cost of using 
rate r at i-th block 

Given Total 
Compute Budget 

Multi-choice knapsack problem!

1. Layer-wise Distillation of the full Softmax attention activations 

or values to pretrain the hybrid attention Φ params

2. Heterogenous Architecture Optimization

3. Light-weight Finetuning

Overview 
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Quantitative Results

Quality/Compute Trade-off vs Wan2.1 Human Preference StudyComparison to SOTA Efficient VDMs

VBench 

VBench-2.0
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Scaling Behavior and On-device Measurements

* Measurements on Snapdragon 8 Gen 4

Total Memory Read/Write of 1 DiT Block
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