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You can turn linear causal attention into RNN!

Introduction

Sadly linear attention is under-expressive! :(

Video Diffusion’s Bottleneck

e DiTs dominate SOTA video diffusion models .
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 What?
S c
e Combine: = 2
S S
» Efficiency of the linear attention. g %
© .0
* Expressiveness of Softmax. = O
e
* Avoid the excessive cost of training models from scratch. _qg’ ‘g
—

* How?
» Leverage Hybrid attention, inspired by recent developments in LLMs

» Efficient tuning recipe to linearize/hybridize existing SOTA bidir. Softmax model
(Wan2.1 1.3B?)

* Block-wise attention distillation.

Hybrid attention
with distillation

* Light-weight fine-tuning.

e Qutcome?

* Training within only <400-gpu-hours, 2 orders of magnitude faster than SANA-
video.

* Efficient hybrid model with negligible loss in quality

Orig. Wan2.1 1.3B

“An astronaut flying in
space, Van Gogh style.”



Attention Surgery

Learnable Polynomial
Feature Mappings

Methods
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More on Polynomial Feature Mapping

Learnable Polynomial
Feature Mappings
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* Design:
* d-layer MLP, with degree-P polynomial:
o(x) = [ (Yr(@), W2(2)?, ..., (Wp(x) ] € RY,
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* RelU non-linearity on the last layer
* To guarantee the non-negativity requirement of the kernel trick.
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 Learnable
* Opposed to non-learnable elu(x)+1 in original attention
* Increase the rank and expressiveness of linear branch
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* Polynomial:
* Facilitate approximating the large dynamic range of exponential:
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Algorithm 1 Attention Distillation for isolated attention layer ! (Trainables ¢ = (¢,. 1))

Require: Teacher params ©1; Student params (T')? of layer [ with frozen weights except for ¢p =
(g, @k ); prompt distribution P; noise distribution N; sampling denoising steps set 7; batch
size m; update repeats U; learning rate 7;

: while not converged do

Randomly sample prompts {p ”)} ~ P and initial noises {50 )}n |~ N

|
2
3 > Cache teacher trajectories:

4: {{(:1:5”),gjg))}teqr}g;l + TEACHERTRAJECTORY (8T, {(p(™,e{")}m_ T)
5

6

nl

foru =1to U do > Multiple student updates from the cached batch

J}?) STUDENTATTN(@? -’L}({”)) > Using equation Eq. (5)

1 m n A n .
7: L + m 7] Zn—thETHyzE.l) o ( ||l > Using Eq. (7) or Eq. (6)
8: ¢ <— ¢ — nVul
9: end for

10: end while
11: Return ¢ = (¢, ¢1)

Attention distillation doesn’t require video datasets; rather textual prompts only.



Qualitative Results After Pretraining Distillation

5 blocks 10 blocks 15 blocks 20 blocks 25 blocks

=8

Rate

=4

Rate

=2

Rate




L1 Diff on normalized attn

=
o

Self-Attention GFLOPs

Heterogeneous Arch. & Overview

Block-wise Error - Emb. degree=2, depth=2
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Hybrid Rate

Residual Error of using Compute Cost of using
rater ati-th block rate r ati-th block

| il

B B
min y: y: CirZir S.t. Z Z CirZir < [3, Z zir = 1 Vi, 2 € {0, 1},

e - -
{zir} i=1 reR \ i=1recR 7_ reR
Optimization var: Are we Given Total
using rater at i-th block? Compute Budget

Multi-choice knapsack problem!

Overview

Wn

Layer-wise Distillation of the full Softmax attention activations
or values to pretrain the hybrid attention ® params
Heterogenous Architecture Optimization

Light-weight Finetuning




Quantitative Results

Quality/Compute Trade-off vs Wan2.1 Comparison to SOTA Efficient VDMs Human Preference Study
63 VBench Score vs Compute Scatter Plot (480, 832) Models with 2B-5B parameters Totalf Quality Sem.t b D Preference %
- R 4 ¢ b Open-Sora Plan V1.3 (Lin et al., 2024) 7723 80.14 65.62 p ‘ Ours No pref. Wan?. 1
CogVideoX 5B (Yang et al., 2025) 8191 83.05 77.33 i pret- ;
- 814 - CogVideoX1.5 5B (Yang et al., 2025) 82.01 82.72 79.17 Appearance Style 51.8 19.6 28.6
Color 522 21.7 26.1
< 801 Models up to 2B t :
g |a odels up to 2B parameters Human Action 162 541 297
=9 Efficient VDiT Ding et al. (2025) 76.14 - - Object Class 30.3 303 394
S 78 % Wan2.1 Original Open-Sora V1.2 Zheng et al. (2024)  79.76 81.35 73.39 Overall Consistency 30.5 45.8 23.7
g ® 15 layers, Rate 2 LTX-Video (HaCohen et al., 2024) 80.00 8230 70.79 Scene 10.0  40.0 50.0
s : i: :ayers' ﬁa:eg SnapGenV (Wu et al., 2025b) 81.14 8347 71.84 Spatial Relationship 43.9  33.3 2.8
ayers, Rate . .
761 A 20 layers, Rate 8 Hummingbird (Isobe et al., 2025) 81.35 83.73 71.84 Subject Consistency 35.7 21.4 429
B 20 layers, Rate 4 MVDIT - Mobile (Wu et al., 2025a) 8145 83.12 74.76 Temporal Flickering 20.7  56.0 233
550 65 70 75 80 85 90 95 100 CogVideoX 2B (Yang et al., 2025) 81.55 8248 77.81 Temporal Style 283 391 32.6
Total DiT FLOPs% { PyramidalFlow (Jin et al., 2025) 81.72 84.74 69.62
M4V (Huang et al., 2025) 8191 8336 76.10 Total 310397 293
o VBench Score vs Compute Scatter Plot (320, 480) STA (Zhang et al., 2025d) 8300 8537 73-52
o VSA (Zhang et al., 2025c¢) 82.77 83.60 79.47
. °® * SANA-Video (Chen et al., 2025) 83.71 8435 81.35
811 [ = Wan2.1 1.3B (Wan et al., 2025) 83.31 8523 75.65
= Wan2.1 Original "
2 8o m A A : S - e Wan2.1 1.3B- (Wan et al., 2025) 83.10 85.10 75.12
S B 20 layers, Rate 4 + Attention Surgery (15xR2) 83.21 85.19 75.25
2 794 b'4 A 20 layers, Rate 8
Y @ 25 layers, Rate 2 VBench
é 781 A W 25 layers, Rate 4
> A 25 layers, Rate 8
771 @ 15 layers, Rate 2
W 15 layers, Rate 4 Model VBench-2.0
761 A 15 layers, Ras 8 Totalt Hum.Fid.t Creativity? Control.t Com.sensef Physicst
s Rt e Wan2.1 1.3B 560 807 487 340 634 53.8
70 75 80 85 90 95 100 CogVideoX-155B 534 721 437 296 632 482 5
Total DiT FLOPs% 1 Attn. Surgery 15xR2  55.1 789 475 334 63.1 528

VBench-2.0



Importance of
Distillation Pret

Impact of Heter.

Architecture Opt.

Impact of Linear

Kernel Arch.

Overview & Ablations

“A boat sailing leisurely along the “A cute fluffy panda eating Chinese
Seine River with the Eiffel Tower in food in a restaurant”

background, black and white..”

Converted Blocks Attention Distillation  Totalf  Quality?  Semantict
15 Linear X 59.7 69.7 20.0
15 Linear v 78.9 82.2 65.9 !
20 Hybrid R = 8 X 71.3 80.2 65.9 ‘ -
20 Hybrid R = 8 v 80.0 81.7 73.2

Without
Distillation

Block selection

Totalf  Qualityt Semantict

Block selection

Totalt  Quality? Semantict

& homogeneous 81.0 82.4 75.1 £ homogeneous 80.0 81.7 73.2
é heterogeneous 81.9 83.2 76.4 SX' heterogeneous 80.9 82.3 754 (-
& homogeneous 80.9 81.9 76.61 £ homogeneous 79.9 81.1 75.1 - 8
§ heterogeneous 81.1 82.5 75.2 5 heterogeneous 80.2 82.1 72.5 = @©
=
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¢ Specification VBench Totalt Parameters || FLOPs |
Poly. degree  MLP layers 10xR8 15xR8 20xRS8 (M) (G) 15xLinear 20xR8
6 3 82.1 80.8 80.3 15.4 387
4 2 82.3 81.6 80.3 3.9 70
3 2 82.3 81.9 79.8 24 60
2 2 82.1 81.5 80.2 1.2 30




le2 TFLOPs

Scaling Behavior and On-device Measurements

N

=

FLOPs growth (1 DiT Block) . Mobile latency growth (1 DiT Block)
| —& wan2.1 OOM

Attn Surgery D 4
:J; Number of frames - Memory Read/Write (GB)
C 3 Attention Block 81 L — .
% ®- Wan2.1 W R W R W R w R
02 Attn Surgery Softmax Flash Attention 51 60 129 164 227 536 OOM OOM
g HedgeHog Linear Attention 5.7 8.1 70 101 69 113 8.0 13.2
-8 Attention Surgery - R8 63 101 52 109 64 132 7.8 35.2
= 1; Total Memory Read/Write of 1 DiT Block

s
10 20 30 5 6 7 8
Video duration (seconds) Video duration (seconds)

* Measurements on Snapdragon 8 Gen 4
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