2026 A M|D|Lt
Sparse Attention for Video Diffusion

Sogang University
Vision & Display Systems Lab, Dept. of Electronic Engineering

oooo
000

& Presented by
oo

I =T



Outline

» Background
CrFSt diffusion 2 & T+
- Flash attention

- Sparse VideoGen: Accelerating Video Diffusion Transformers with Spatial-Temporal
Sparsity (ICML 2025)

« Radial Attention: O(nlog n) Sparse Attention with Energy Decay for Long Video
Generation (NeurIPS 2025)

* Sparse VideoGen2: Accelerate Video Generation with Sparse Attention via
Semantic-Aware Permutation (NeurlPS 2025)
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Diffusion mechanism
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Wan

« MEFN Ol 11X = encoder-decoder 2 DiT block 22 A &[0 QL H, text
embedding = ?/¢t ZHO| AZ
- Attention SH& 2ol 22 T2 DITO|Al AFE | = attention= EHZIS 2 &
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Hunyuan

« Hunyuan+<= cross-attention 80| self-attention / FF T+

- Dual-streamOf| A| prompt 2 noiseE ZtZ embedding S+ 2 concateSli A single streamOf|
285t 1=
A

. 0| E E8Y cross-attention 80| prompt 2| HEZ conditioning & = A
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Open-Sora

« Open-Sora= Wan 5! Hunyuan} Ct 27| spatial attention / temporal-attention /cross-
attention / FF Tt

- Attentiones AL [ spatial = 2| token 2| attention = T A

= /N T 3°N ™ Tl tempora
=9| token<t 2| attentions THMNF= =

- O| 2 &9 attention0]| AFE E|= token 7S S L2 EM memory = HO A 7HH 2
=g

=

—

video
p 4

—

J

FFN

cross attn.
temporal attn.

temporal

.
g

vy
)

N

X

FFN

cross attn.

spatial

spatial attn.

-

1
noise

—
S

5 AW THED

Open-Sora architecture
SOGANG UNIVERSITY



Flash Attention

 Fast and Memory-Efﬁcient Exact Attention with [O-Awareness
+ Trade-off 9= &2}

« Xl GPULE MLHAH O 2 SRAM G AL
|- _ll-X‘|O-”A-| |:|=|EO| HFAHoH:l—E X

« HBM< tensorE A &ot= A S0|11, SRAM2 HAtS =2l

. [EtA GPUE ZE 8 AL tensorS HBMO|A| SRAME 2 readdtd A4S =3
2, CtA| HBM2 2 writeSh= 1H

« Attention H4F Softmax(QKT)V Ol A matmul O| X} X|St= overhead?} & =

it =11, 23|21 read / write (10 &4/)
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Flash Attention

« 7|Z9] attention 2 Softmax(QKT)V M| A N2 AH L O| matrix0fl CHSH Al SRAM-
HBMS 10 o= 1 X7} H 28X
 Matrix S,PE HBMO| 22|22 22| SHOA HEZESH

Algorithm 0 Standard Attention Implementation
Require: Matrices Q,K,V € RV*4 in HBM.

1: Load Q, K by blocks from HBM, compute S = QK', write S to HBM.
2: Read S from HBM, compute P = softmax(S), write P to HBM.
3: Load P and V by blocks from HBM, compute O = PV, write O to HBM.
4: Return O.
7|2 attention 273
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Flash Attention

e Flash attention=> O| 22} Softmax(QKT)V 1’'d = SRAMO|| A SHEHO|| HALS
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Sparse Attention O| £H?

e Sparse attention < attentionO| masking= F|o| A AL O| 5= EA|
- Score = QKT

» Score += mask

oo

= Attn = softmax(scores)
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Key, value token pruning 1} C

« Key, value token pruning= query2f 2t# 810] key, value token=

. Key, value token pruning= 2}
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Sparse Video Gen(SVG) vl

« Video generationOf| A| = 3| B2 token == @I} quadratic complexityS &=
=

o =
attention A AE2| overhead?} £5| I A| &
- Attention map2| =2 E 2 QIS EH A=9| tokenO| & 2f= AKX AZ
- [0F2}A] sparse attention= & O training-free attention & =2t &= K| tSt=0H| =5
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Sparse Video Gen(SVG) vl

« Attention map2| Il & = spatial head2} temporal head £ &7
- Spatial head= &2 frame (or 2173 frame) LHF-0f| /= tokenOf| 7.; =
= 2=t

- Temporal head temporal = 2| & Bt spatial ¢ X[ 2| tokenOf| &

§
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(a) Spatial Head (b) Spatial Attention Map (c) Temporal Head
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Correlation
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(e) Visualization of Spatial and Temporal Correlation. This example have 6 frames and 4 tokens per frame.
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Sparse Video Gen(SVG) vl

- SVGE MEY M aa{sl{of & H

- Sparse patternO| &= prompt 0| (2t SH O = Hot
- I}2tA Inference S Ol sparse pattern= A H o Al X 5| OF 2t
- Temporal head sparse pattern= H24tE token=0| & 2| I{ X U0 GPU £t EO|X| =
; &:\\ ;
= s
( \ \\‘:\J ( 3
C;mvdenx-l?v TCOQVI:‘;::TZV ﬁ:‘_-bq_ ‘bq_‘th_.bq_ _____ CoaVideaX-12V CoaVideoX-T2V
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(a) Spatial Head (b) Spatial Attention Map (c) Temporal Head (d) Temporal Attention Map
Text Prompt
Spatial
Correlation

Temporal
Correlation

Frame 1 ' Frame 2 ' Frame 3 v Frame 4 ' Frame 5 ' Frame 6
(e) Visualization of Spatial and Temporal Correlation. This example have 6 frames and 4 tokens per frame.
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Sparse Video Gen(SVG) vl

« SVG+ token?2| random sampling = & Ol spatial head 2} temporal head& L E =
X2k2 x| ot

- 1%2| query token= random sampling S{{ A{ full / spatial / temporal attention= =3 A| 7!

&l full attentionF2| MSEE sparse pattern 2’3
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Sparse Video Gen(SVG) vl

- GPU g4t= RIS = 56‘ Tt |(block)°| tensors = 2FA] AHLbgt
- [ 2FA] tokenO| 70 THR 2 2™ T tokenzm ESHoF E Q Q= token”HA| = 2 2FA]

oipte7| 20| HEEHoE SX
« CHE frame2| &Y ?IX| token 77| 2| 7HZ A IXISHEE HEt
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Sparse Video Gen(SVG) vl

» Experimental results

- Base 2 &1} H| W 3}0| PSNR, SSIM, LPIPS & 2| metricdt vbench2| imagequal 5
subconsist 0| A] §50] & -|C->r7(|E|E FENUES,

. 119t S A|0f] X|CH 28 O] A+O] fatency 7HM S

29

Ol =

Table 1. Quality and efficiency benchmarking results of SVG and other baselines.

Type | Method | Quality | Efficiency
| | PSNRT SSIMt LPIPS| ImageQualf SubConsistf |  FLOPS | Latency | Speedup 1
2V | CogVideoX-v1.5 (720p, 10s, 80 frames) | - - - 70.09% 95.37% | 147.87 PFLOPs 528s Ix
DiTFastAttn (Spatial-only) 24.591 0.836 0.167 70.44% 05.29% 78.86 PFLOPs 338s 1.56x
Temporal-only 23.839 0.844 0.157 70.37% 95.13% 70.27 PFLOPs 327s 1.61x
MInference 22.489 0.743 0.264 58.85% 87.38% 84.89 PFLLOPs 357s 1.48x
PAB 23.234 0.842 0.145 69.18% 95.42% 105.88 PFLOPs 374s 1.41x
Qurs 28.165 0.915 0.104 70.41% 95.29% 74.57 PFLOPs 237s 2.23x
T2V | CogVideoX-v1.5 (720p, 10s, 80 frames) | - - - 62.42% 08.66% 147.87 PFLOPs 528s 1x
DiTFastAttn (Spatial-only) 23.202 0.741 0.256 62.22% 96.95% 78.86 PFLOPs 338s 1.56x
Temporal-only 23.804 0.811 0.198 62.12% 98.53% 70.27 PFLOPs 327s 1.61x
MInference 22.451 0.691 0.304 54.87% 91.52% 84.89 PFLLOPs 357s 1.48x
PAB 22.486 0.740 0.234 57.32% 08.76% 105.88 PFLOPs 374s 1.41x
QOurs 29.989 0.910 0.112 63.01% 98.67% 74.57 PFLOPs 232s 2.28x
T2V | HunyuanVideo (720p, 5.33s, 128 frames) | - - - 66.11% 03.69% 612.37 PFLOPs 2253s 1x
DiTFastAttn (Spatial-only) 21416 0.646 0.331 67.33% 90.10% 260.48 PFLOPs 1238s 1.82x
Temporal-only 25.851 0.857 0.175 62.12% 98.53% 259.10 PFLOPs 1231s 1.83x
MInference 23.157 0.823 0.163 63.96% 91.12% 293.87 PFLOPs 1417s 1.59x
Ours 29.546 0.907 0.127 65.90% 93.51% 259.79 PFLOPs 1171s 1.92x
QOurs + FP8 29.452 0.906 0.128 65.70% 93.51% 259.79 PFLOPs 968s 2.33x
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Radial attention

- 7| & RO otA
- SFS A0 SVGRE & 0] spatial ! temporal head= T2 H 2| H, X} 1H0M HX
SEFEUS B ASLS 01 = AUS
- SVG= €& token= random samplingo Al head& £ EHSHH=G|, O| 2 Q1Y long video 2
g5 05 =2 2O E 7s 80| &

n
A

—_—

- EE 5t long video = E 5 attention map2| £ 7t CHASH F
« XCtot= Y E
- Radial attention = spatial X temporal & & 2} ot static mask S EHE X 2t
- S{HE E= A A HE|7F E4=F attention score 7F Z2A0t= A1t 7[Hte = C|XGQ
- Long video= Z 5% 0| mask HE{7} 2015 ¢

Mask Value: D —co . 0

Dynamically Per-head Select
-

J—
G(n lo&n) Unified Static Mask
H 1
: ! i (]
1
H e eI N st ||
) X - J- N
' I ' Y
2 , | "
H " = 1l
: [ P "
' i N
______________ L]
o:‘\cccluratc Inference °:\ccc|cralc Traming o Longer Video Adaptation H °!\ccc]crutc Inference °Accc]urutc Traming °I_:\ngur Video Adaptation
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Radial attention

« SVGO|| Al & &} spatial attention 2 temporal attention = visualization

o O| & attention mapdt 0| 2] head& B! averageOll CHol Al temporal 5! spatial

distanceO]| L} attention score S &4

. 2t query tokenOfl CHBHA T
e Query2t key token AFO|7F HO{ & =5 attention score”| exponential OF#| & 20t=
A1t
- O] ==0i|A|= spatiotemporal energy decay2tl £ &
o IF2tM O] EMZ 7|H9H2 2 gpatial & temporal distance/F E O] H =5 sparsity=
St 7= -_rL-7E N

Key
Spatial Attention, @ = 1.91 Spatial Attention, f = 0.42

2 . Temporal Attention, @ = 0.68 Temporal Attention, f = 0.68

~ - \ —— Average, a = 1.60 “1 — Average, ff =0.54
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3 2 S 2
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= ] 8 2

" 1 Z Z
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(High Temporal Decay a Sp atial Decay f5) : (Low Temporal Decay a, High Spatial Decay f) (bl) : o . (b2)
. (a) Attention Map (b) Attention Score Distribution
50 Ln oy aae I vuSs
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A

Radial attention

« Temporal density : (1/2)

|log, (max(|i—

1))

- Density= iR frameO| jHM frame= = M, B %S ALt X|0f| CHBE 4f

r = |log,(max

- O] r 40| B3It == sparsity 7t 25| S 7t

. Double Width,
Density Decays  Half Density Key

Density Decays
<+

Double Width,
Half Density
Vo

Query

(a) Compute Density Distribution
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(d,1))] o 20| ECtH frame 2|7} 28 &2 10| 1 7}

Key
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L L 1 L " N i L

Frame 01 { 5 & .3 {
||

Mask Value: D oo .O
(b) Attention Mask

Attention Sink
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Mask Value: D —oo . 0
(c) Mask used in HunyuanVideo



Radial attention

 Spatial density S
- Diagonal width - 2[10ge max(|i—j[,1)] J
- S = frame L token 7<=
- OtCF diagonal width7F 1 £ CF ZOFX|H CHZO| ZHZ B i — j| mod [ p =0

- ji—jlmodm =0 2|i—j|7t0, m, 2m, 3m, ... & Tt block= 7|2, 1 29| block= A4t 2tat

9 Llog, max(|i—jl,1)]

Density De r Double Width, Half Diagonal Width Half Diagonal F
nsity Decays  palf Density Kﬂy alf Diagonal Widtl Kﬂy alf Diagonal Frequency Key
Frame 0 1 2 0 25600 51200 TOR00 102400 128000 153600 179200 204300
612 I ! : A ! : : ;
g1 ¢
E
z .
z §
]
< z
£z =
gef.
g
28 H
T ]
i :
g >
b
L) 5}
= =
o/ o

179200 153600 128000 102400

204800

Mask Value: D —o0 . 0 Mask Value: D —o0 . 0
(a) Compute Density Distribution (b) Attention Mask (¢) Mask used in HunyuanVideo
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Radial attention

» Complexity
» Band I'O'” _J—lt_é_l-E block 7H_)IK_ Nb]uckta("') = f - 27
- 71 block LHE 0| A OWEI

- Diagonal width w(r) = s 52
- Tt2bA] block BFLFOY A Od tzp Nensies/block(r) =~ s-w(r) = s+ o2 = o

- £7 band O M GMEIE HUE (o)« (5) =12
- Band 2| 7llz= logf
- Total total =~ (fs°) - log, f fs?log f = (fs)-slog f =n-slog f

- Long video= off&f = 17HOf| frameO| SO HCt1L St O(nlog f) = O(nlogn)

token = (f :frame, s : frame LH5F token <)

Double Width,

Half Density  Density Decays

e~ —
432

T

R

| Frame0

Double Width,

Density Decays  Half Density K g
— L Halbensiy Y
Famco 12 "5 &

——r

e

Query

Frame0 1
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34

Query
7 [ H 4

Query
102400
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0 SI00 25600 0
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SOGANG UNIVERSITY 23 | Lag I



Radial attention

- 2 21}

rot

M=
o

- Radial attention= 7| = 2| training-free sparse attention & =1 H| W St0 L42t o

- SVGERF H| 13 S M= H=xot 955 £

- S} X| Bt attention outputt2| MSEE Al Lt Z [Mff radial attentionO| & 22 MSEE £ &

Model Method PSNR (1) SSIM (1) LPIPS (]) Vision Reward (1) PFLOPs Latency (s) Speedup
Original - - - 0.141 612 1649 -
Hunyuan STA (FA3) 26.7 0.866 0.167 0.132 331 719 2.29%
Video PA 22.1 0.764 0.256 0.140 339 1002 1.65x
(117 frames) SVG 27.2 0.895 0.114 0.144 340 867 1.90x
Ours 27.3 0.886 0.114 0.139 339 876 1.88x
: Radial MSE 3.9x10°3
Original - - - 0.136 560 1630 -
Wan2. 114 STA (FA3) 229 0.830 0.171 0.132 322 812 2.01x SVG MSE 4.4x1073
(69 frames) PA 22.4 0.790 0.176 0.126 324 978 1.67x )
SVG 23.2 0.825 0.202 0.114 324 949 1.71x STA MSE 1.5x1072 |
Ours 23.9 0.842 0.163 0.128 323 917 1.77x
Training-free inferenceOf| Al & H| Attention outputOi| C{ B

MSE
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Radial attention

* Long video & A1}

SOGANG UNIVERSITY

5 AW THED

. Trainin; Trainin Inference  Inference Vision VBench
Model #fames  Method  Spacstty o (hg) Spc::dufi Time(s) Speedup Reward(t) §c  AQ  1Q
125(1x)  Original  0.00% - - 225 - 0119 0959 0643 0672
Original  0.00% - - 797 1.00% 0122 0953 0603 0611
RIFLEx  0.00% - - 797 1.00% 0128 0969 0622 0614
Spatial 80.5% 16.0 2.81% 335 238% 0054 0979 0607 0670
Temporal  80.7% 16.2 2.78x% 338 236% 0.104 0963 0620 0658
253(2x) Long LoRA  80.6% 16.6 2.71% 363 220% 0112 0958 0620 0.685
PA [45] 80.4% 16.7 2.69x% 334 239% 0.100 0967 0608 0653
Hunyuan SANA - 12.8 3152 285 280% 0205 0907 0300 0442
Video Full 0.00% 45.0 1.00% 797 1.00% 0.124 0955 0616 0648
Ours 80.8% 16.2 2.78 % 339 2.35% 0.126 0968 0.623 0.663
Original  0.00% - - 2895 1.00% 0054 0988 0545 0451
RIFLEx  0.00% - - 2895 1.00% 0037 0989 0539 0456
Spatial 88.3% 207 4.52x 755 383x 0112 0922 0598 0.664
Temporal  88.2% 211 4.44% 774 374% 0083 0972 0597 0646
509(4%) Long LoRA  88.4% 200  448x 803 361% 0130 0936 0618 0.689
PA [45] 88.2% 218 4.29x 766 378% 0.128 0950 0590 0.648
Full 0.00% 93.6 1.00% 2895 1.00% 0.133 0977 0590 0635
Ours 88.3% 214  437x 781 371 0134 0973 0.623 0672
163(1x)  Original  0.00% - - 112 - 0.071 0.973 0623 0672
Original  0.00% - - 302 1.00% 0040 0937 0551 0466
Spatial 76.1% 8.57 1.75% 186 1.62% 0088 0935 0596 0.595
Temporal  76.3% $.54 1.76% 189 1.60% 0075 0936 0591 0593
131 2x) LongLoRA  76.0% 9,07 1.65x 210 1.44% 0095 0950 059 0.630
PA[45]  T77.8% 8.53 1.76% 183 1.65% 0.101 0946 0610 0626
) SANA - 822 1.82% 166 1.82% 0201 0905 0334 0568
Mochi | Full 0.00% 15.0 1.00% 302 1.00% 0095 0923 0610 059
Ours 764% 843 1.78 % 185 1.63% 0.110 0951 0.615 0602
Original  0.00% - - 992 1.00% 0091 0916 0383 0322
Spatial 85.2% 174 283 382 2.60% 0.091 0930 0611 0585
Temporal — 85.4% 17.6 2.80% 393 2.52% 0028 0931 0556 0536
667(4%) Long LoRA  86.0% 19.0 2.59% 426 233x 0086 0944 0584 0543
PA [45] 86.5% 173 2.84x% 381 2.60% 0.107 0956 0.633 0.650
Full 0.00% 492 1.00% 992 1.00% 0099 0934 0613 0613
Ours 85.5% 17.4 2.83x% 386 257 0113 0958 0615 0638
81(1x)  Original  0.00% - - 1630 - 0.135 0973 0623 0672
Wan2.1 Original  0.00% - - 5735 1.00% 0.109 0946 0598 0614
-14B 161 (2%) Full 0.00% 28.0 1.00% 5735 1.00% 0.150 0966 0590 0.689
Ours 73.6% 145 1.93 % 2847 2.01% 0.145 0981 0.607 0677
\"AD, 5_|
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Radial attention

« Full fine-tuning X LoRA fine-tuning 2 1t0| A dense attention E.CF &2 &1}
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Sparse Video Gen(SVG) v2

- 7| & YW =2 semantic 7|F=0| OFL| 2} position= 7| =2 2 sparse pattern= S 2}
7| RS2 AZEl token=2= block2 E cluster OFL, block TFH? 0| A{ attention score &=
= AFSHOY sparse pattern= & 2
-0l= 20| U= 52 token= HHSHA =0 H=z2H
- 58 tokenO| 201 M RU0] block EH?| X 2|0f| Z[H2}tE GPUOAM S E o A 4k &Y

- Nvidia GPU tensor core2| 4 16x16x8 27| 2| minimum matrix multiplication shape 211 U=
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-2k 1670 & LB 5 tokenO|H 2t tensor coreS Z-E5F2{ ™ block M X E At OF
Attention Recall: 70.5% Attention Recall: 89% Attention Recall: 90%
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Sparse Video Gen(SVG) v2

Z} head2} layer2| Q,K,V tokenOf CH3H k-means clusteringS
- 0| = & Z cluster 2 token= S HEHE 2= HYX|SH0] 2JO|HL =

Z} cluster 2| centroid &
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-O|E 3ol ds EES

7| =2 £ attention scores T A}

(dynamic allocation X 2F)
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Semantic-aware Permutation

[T TTTTTTTTT7TT1]
L N o | k-means
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Sparse Video Gen(SVG) v2

- H|etot= Y H
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Sparse Video Gen(SVG) v2
. HIQtSH B
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Sparse Video Gen(SVG) v2 ==
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Sparse Video Gen(SVG) v2

. A AT}

- WAN % HunyuanOf| CHSHA T 7t
-SVG 2t H| W5t O &2 45 7|2 atency IS 2 = U=

Model Config ‘ PSNRT SSIM{ LPIPS| VBencht ‘ Density | FLOP | 1 Speedup T
Wan 2.1 /4B, 720P, Image-to-Video ‘ - - - 0.841 ‘ 100% 526.76 PFLOPs 1x
SpargeAttn 21.181 0.665 0.333 - 38.99%  366.80 PFLOPs 1.47x
SVG 24.059 0.813 0.174 0.836 30.25%  343.88 PFLOPs 1.56%
Ours 26.562 0.861 0.138 0.838 31.28%  346.59 PFLOPs 1.58x
Ours-Turbo 24510 0.812 0.179 0.836 14.13%  301.62 PFLOPs 1.84x
Wan 2.1 /4B, 720P, Text-to-Video - - - 0.846 100% 658.46 PFLOPs 1x
SpargeAttn 20.519 0.623 0.343 0.820 42.03%  468.46 PFLOPs 1.44 %
SVG 22989 0.785 0.199 0.837 30.25%  429.86 PFLOPs 1.58x%
Ours 25.808 0.854 0.138 0.842 2951%  427.43 PFLOPs 1.60x
Ours-Turbo 23.682 0.789 0.196 0.838 12.87%  372.89 PFLOPs 1.89x
Hunyuan [3B, 720P, Text-to-Video - - - 0.850 100% 612.38 PFLOPs 1x
SpargeAttn 27.892 0.884 0.151 - 42.62%  399.16 PFLOPs 1.53x%
XAttention 28.892 0.898 0.120 0.839 39.32%  386.90 PFLOPs 1.56%
SVG 29.157 0.905 0.120 0.845 29.86%  351.75 PFLOPs 1.91x
SVG + FP§ 29.033 0.902 0.121 0.843 29.86%  351.75 PFLOPs 2.3x
Ours 30.452 0.910 0.117 0.852 2545%  335.36 PFLOPs 2.30x
Ours + FP8 30.389 0.908 0.118 0.851 2545%  335.36 PFLOPs 2.55x%
R AT THE D VDS
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Sparse Video Gen(SVG) v2

« QK cluster®| [((}E 22 = S| GFLOPs =4

ie | FlashiInfer (Static) ™ Ours (Dynamic) B Theoretical
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Conclusion
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* Video diffusion = ¢ ¢t sparse attention — =

* Sparse attention 2| static 5!
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