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Abstract

Scaling video diffusion transformers (DiTs) is limited by their quadratic 3D at-
tention, even though most of the attention mass concentrates on a small subset
of positions. We turn this observation into VS A, a trainable, hardware-efficient
sparse attention that replaces full attention at both training and inference. In VSA,
a lightweight coarse stage pools tokens into tiles and identifies high-weight crit-
ical tokens; a fine stage computes token-level attention only inside those tiles
subjecting to block computing layout to ensure hard efficiency. This leads to a
single differentiable kernel that trains end-to-end, requires no post-hoc profiling,
and sustains 85% of FlashAttention3 MFU. We perform a large sweep of ablation
studies and scaling-law experiments by pretraining DiTs from 60M to 1.4B pa-
rameters. VSA reaches a Pareto point that cuts training FLOPS by 2.53 x with no
drop in diffusion loss. Retrofitting the open-source Wan2.1-1.3B model speeds
up attention time by 6 x and lowers end-to-end generation time from 31s to 18s
with comparable quality, while for the 14B model, end-to-end generation time is
reduced from 1274s to 576s. Furthermore, we introduce a preliminary study of
Sparse-Distill, the first method to enable sparse attention and distillation concur-
rently, achieving 50.9x speed up for Wan-1.3B while maintaining quality. These
results establish trainable sparse attention as a practical alternative to full attention
and a key enabler for further scaling of video diffusion models. Code is available
at https://github.com/hao-ai-lab/FastVideo.

1 Introduction

Attention computation is the primary bottleneck when scaling video Diffusion Transformers (DiT) [34,
28]. Even a seemingly short 5-second 720p clip unfolds into more than 100K tokens [29, 20] once
flattened as a sequence. Consequently, state-of-the-art video DiTs [20, 35, 43, 26] expend the
majority of compute on attention when training on full-resolution, long-sequence data; the trained
DiTs remain painfully slow at inference. Fortunately, recent studies [37, 48, 6, 47] reveal an inherent
sparsity in DiTs trained using full attention: only a tiny subset of entries in the attention matrix
Softmax(QK T / \/E), which we refer to as critical tokens, significantly influence outputs, while the
vast majority approach zero. This inherent sparsity calls for developing a native, trainable sparse
attention mechanism purpose-built for video DiTs.

Most prior work approaches sparsity as a post-hoc speedup for pretrained DiTs rather than as a first-
class training primitive. Sliding Tile Attention (STA) [48] and Sparge Attention [47], for example,
begin with a model trained under full attention and then substitute each head with a fixed or profile-
derived sparse mask only at inference time [37, 38]. Because the sparsity pattern is decided after
training, these methods leave the bulk of training cost untouched and introduce a train-test mismatch:
the DiT learns parameters in a dense context yet is evaluated in a sparse one. That mismatch caps
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best-case quality at the dense model’s ceiling and, in practice, often erodes quality once sparsity
is pushed beyond a gentle budget. Consequently, state-of-the-art DiTs still default to quadratic 3D
attention despite its prohibitive cost [43, 35, 20, 2, 11].

Designing a trainable sparse attention for video DiTs faces a fundamental chicken-and-egg dilemma:
identifying critical token positions traditionally requires computing the full attention matrix, which
then erases any computational gains and defeats the purpose of sparse attention. Conversely, resorting
to cheap heuristics and not precisely identifying critical tokens may miss high-weight regions and
yield suboptimal results. More importantly, any practical attention implementation must honor the
block-sparse layouts expected by modern GPU kernels such as Flash Attention (FA) [5] — otherwise
theoretical savings do not translate to wall-clock speedup. The central research question is therefore:
how can we predict critical tokens accurately, subject to hardware-aligned block structure, without
paying the quadratic cost we aim to avoid?

This paper presents VS A (Video Sparse Attention), a trainable, hardware-aligned sparse attention
mechanism for video DiTs, drawing inspiration from recent developments in large language mod-
els [45, 25, 30]. At the high level, VSA is a hierarchical granular attention, illustrated in Figure 1.
The coarse stage first aggregates a cube containing (4,4, 4) tokens into a single representation to
compute cube-to-cube dense attention. Since attention operates on a pooled (short) sequence, it is
lightweight, yet simultaneously predicts which cube contains critical tokens while modeling global
context. A fine stage then applies token-level attention only inside the top-/C selected cube. The final
output of attention combines both stages through a differentiable gate. Because VSA is end-to-end
trainable, it identifies critical tokens not by heuristics, but by learning from data. To ensure hardware
efficiency, VSA is meticulously designed to map a spatial-temporal cube to a kernel-level tile | [48].
This ensures that tokens within a cube are loaded on the same GPU SM and adhere to the block
sparse compute layout (§2.2).

One critical parameter in VSA is the tile size. Small tiles let the coarse stage localize critical tokens
close to token resolution, while the fine stage attends only to those pinpointed cubes. This sharpens
sparsity and improves model quality at the cost of fragmenting work into tiny blocks, which hurts
the GPU throughput. In contrast, large tiles boost arithmetic intensity, but the fine stage must then
process whole cubes even if only a few tokens inside the cubes matter, thus blurring sparsity (Figure
1 (b)). Another key parameter is whether to inject dedicated local or spatial-temporal patterns into
the fine stage. Our systematic ablation studies reveal that an effective VSA configuration combines
a global coarse stage with a freely-selectable fine stage. We found that a tile size of 64 and 87.5%
attention sparsity achieves performance comparable to full attention while maintaining efficient kernel
execution. Furthermore, purposely injecting locality heuristics proved unnecessary. A large sweep of
scaling experiments, in which we pretrain video DiTs from scratch (60M to 1.4B parameters with up
to 4 x 10*! FLOPS) with 16K sequence length, uncovers a Pareto frontier where VSA achieves near
8x reduction in attention FLOPS and 2.53 x reduction in total training FLOPS.

To support VSA’s hierarchical sparse attention, we prototype GPU kernel where the coarse stage
kernel fuses softmax, Top-/KC selection, and block indexing into a single pass, and the fine stage
leverages a block-sparse attention kernel based on FA [5]. This leads to our VS A implementation
that retains 85% of FA3’s MFU [31]. We further retrofit VS A into SoTA open source DiT, Wan2.1
1.3B [35], originally trained with full attention. This integration speeds up attention time by 6x and
reduces end-to-end inference latency from 31s to 18s (1.7x) on H100. As a result, VS A enables the
first video DiT where attention accounts for only 20% of runtime during both training and inference
without quality degradation.

To the best of our knowledge, VSA is the first trainable sparse attention approach that, based on
extensive experiments totaling around 90k H200 hours, shows better scaling than full attention on
DiTs. Finally, we hope that our explicit ablation of the key parameters (e.g., tile size, critical token
prediction, locality prior, sparsity, etc.) will enable more targeted exploration of sparse attention in
scaling video DiTs.



Figure 1: Overview oV SA. (a) VSA introduce a hierarchical attention with sparsity and different granularity
(coarse & ne). (b) Larger tile sizes (left) blur attention pattern while small tiles let the coarse stage localize
critical tokens close to token resolution. The red dots indicate critical tokens. (c) An illustratfgnz) cube
partition (in practice we us@; 4; 4) in VSA).

2 Methods

This section introduce¥ SA, our sparse attention designed to reduce both training and inference
costs of video DiTs. We begin by detailing the design space, key components, and core motivations
behind sparse attention in § 2.1. Although the nal method is presented in § 2.2, we emphasize that
design exploration and ablation studies (deferred to § 3) are central to understanding the effectiveness
of VSA. Finally, § 2.3 describes how to aday8A to pretrained Video DiTs originally trained with

full attention.

2.1 Sparse Attention Design Space

Modern video DiTs use 3D full attention to capture dependencies across the entire video volume.
Given a video latent of shafgd@; H; W), itis attened into a 1D sequence of length= THW by
mapping each token locatidty w; h) in the 3D latent to its position in the 1D sequence following
n=tHW + hW + w. Then full attention is applied across the entire 1D sequence, allowing each
token to interact with all the others. L&; K ;V 2 R- 9 denote the query, key, and value matrices

for a single attention head; It 2f1 ;0g- ' denote the attention mask specifying the allowed
connections between each pair of tokens. The attention oOtfsithen calculated as:

S= «opde; A = SoftmaXS+ M); O = AV
k

Block Size vs. Hardware Ef ciency. In full attention all entries inM are zero Sparse attention
introduces1l entries inM and theoretically reduces the total FLOPS by allowing the computation
of the corresponding elements in b&#K > andAV to be skipped. However, modern accelerators
are optimized for dense computation, making unstructured sparsity ineffective for real spkedip.
sparse attentiofi5] addresses this by structuring the sparsity to align with the hardware capabilities.
In this approach, the attention mask is divided into tiles of sizgB; Bk) 2, with all entries of

We use the wordlock andtile interchangeably in this paper. They refer to a submatrix that a GPU
threadblock loads into SRAM when performing matrix multiplication.

*Technically(B4; Bx) can be non-square with different values By andBy . To keep the notation simple,
we assume th& = By = By.



each tile sharing the same value. This enables each tile in a GPU SM to be processed as a dense
block or skipped entirely, maximizing hardware ef ciency. The tile d&és a key design parameter:
smaller tiles allow exible, ne-grained sparsity but are less ef cient on hardware, while larger tiles
improve throughput but restrict the model to coarser attention patterns, potentially reducing modeling
expressiveness (see Figure 1 (b)). Thus, sele@&inigvolves a tradeoff between expressiveness

and ef ciency. In practice, we nd that modest reductions in speed can be acceptable if they yield
signi cant improvements in generation quality.

Prediction Cost vs. Coverage Quality in Critical Token SelectionRecent studies have shown
that the attention score matix is naturally sparsed[7, 48, 6, 47], with most values close to zero.
This suggests that, by constructing a mikkhat preserves only the high-value region#\of- the
so-called critical tokens — we can closely approximate full attention while signi cantly reducing
computation. A central design choice is how much computation to spend identifying these critical
tokens. Computing full attention scores provides the most accurate selection, but largely negates
computational savings, as only tA¢ operation bene ts from sparsity. In contrast, xed patterns
(e.g., windowed or spatiotemporal attention) incur no prediction cost but often miss informative
tokens. Inspired by NSA [45] and MoBA [25], we propose a lightweight, trainable, coarse-granular
attention module to estimate the locations of critical tokens without fully comp#étinghe main
challenge is to balance prediction accuracy with computational ef ciency for practical use in DiT
architectures.

Maintaining Global and Local Context in Sparse Attention. A key challenge with sparse attention

is its restricted receptive eld, which can limit the model's ability to capture global context. One
approach to address this is to augment sparse attention with a lightweight global module that captures
coarse global signals. Conversely, incorporating local context—motivated by the locality priors
commonly used in vision models such as CNNs—can also poteantially enhance feature learning. We
empirically ablate both strategies to assess their impact on video generation quality in § 3.1.

2.2 VSA: Video Sparse Attention

VSA employs a cube-based partitioning strategy followed by a two-stage attention mechanism
to ef ciently process video latents. The method rst divides the input video latent into spatially

and temporally contiguous cubes, then processes these cubes through a coarse stage that identi es
important regions and a ne stage that performs detailed token-level attention within these regions.
This design enables ef cient computation while maintaining the ability to capture both global and
local dependencies in the video data.

Given a video latent with shagd@ ; H; W), VSA divides it into multiple cubes, each with shape
(Ct; Ch; Cw) (Figure 1 (c)).VSA co-designs the sparse attention algorithm and its kernel imple-
mentation by mapping each cube in the video latent into a single tile on GPU SM, where the tile
sizeB = C; C; C,.We assume the video latent shgpeH; W) is an integer multiple of the

tile size and de ngN¢; Nn;Nw) = Z-; & && . When attening the 3D video latent into a 1D

seguence, each token at posit{orh; w) is assigned a 1D indax using the following mapping:

n= L NeNw+ 2 Nw+ Y B +(tmodCi)ChCu +(hmod Cn)Cu +(w mod Cu):
Ct Ch CW

Building on this cube-based partitionind SA implements its two-stage attention mechanism to
ef ciently predict critical token locationsvithoutcomputing the full attention matri& , as shown

in Figure 1 (a). In theoarse stagewe apply mean pooling over eaf8;; Cy; C,,) cube to obtain
cube-level representations, produci@g;K¢; V¢ 2 R& 9. This stage then computes attention
scoreA ¢ 2 R & and output® .. The attention mask is derived by selecting the Tdg-entries

per row inA ; and setting otherstd , followed by broadcasting to a full-resolution mask of size

L L. This mask naturally conforms to a block-sparse structure because the coarse stage operates
on cube-level representations. When broadcasting the maskgf»rorﬁg toL L, each selected
entry inA . expands into 8 B block inM 2. This block-sparse pattern is crucial for hardware

ef ciency as it allows the next stage to process attention in contiguous blocks that align with GPU
memory access patterns and enable ef cient parallel computation.

3In practice we do not broadcast to full-resolution mask but only input the selected block index to ne stage.



Next, in the ne stage this maskM guides ne-grained attention computation fQr K ;V 2 Rt 9,
yielding outputO; . Finally, outputs from both stages are combined to obtain the nal ou@put

O:Oc Gc+of Gf

whereG . andG; are gating vectors obtained from linear projections of the input hidden states. Since
the coarse stage introduces negligible computational cost (less than 1% of total FLOPS), the overall
sparsity can be approximated . However, due to the row-wise Tdf-selection, FlashAttention
cannot be directly applied to the coarse stage, resulting in increased latency. 8§ 2.4 discusses how we
mitigate this overhead. Appendix B gives a pseudo code implementation of VSA .

In § 3.1 and 3.2, we show that using a smalBeleads to a more expressive sparse attention pattern
and improved performance, but comes at the cost of slower attention kernel execution. Setting
B = 64 with (C;; Cy; Cy) = (4 ; 4;4) provides a favorable trade-off between expressiveness and
ef ciency. We further demonstrate that combining a coarse stage for global context with a ne stage
for token-level sparse attention is both necessary and suf cient—dedicated modules for local context
modeling offer minimal additional bene t. Settiri§ = 32 consistently yields strong performance
across a wide range of sequence lengths. VSA adopts these hyperparameters as default.

2.3 Sparse Adaptation & Distillation

VSA is designed to train video DiTs from scratch, reducing both training and inference FLOPS. It
can also be adapted to pretrained video DiTs originally trained with full attention. However, directly
replacing full attention with/SA leads to unstable training. We hypothesize two main reasons: (1)
the gating projection weights are not present in the full attention checkpoint and are randomly
initialized, and (2)VSA differs signi cantly from full attention, introducing a coarse stage and
sparsity in the ne stage. To address this, we develop an annealing strategy that smoothly transitions
the model from full attention t& SA. We initialize the weights of the coarse g&g to zero, and
remove the ne gaté&; (equivalent toGs = 1). We also initialize the sparsity level by setting

= %, effectively makingVSA equivalent to full attention at the start of training. As training
progresses, we gradually redu€do the target sparsity level. Meanwhil@ is updated through
training, enabling the model to learn how to balance the contributions of the coarse- and ne stages.

In § 3.3, we demonstrate that Wan-2.1 can be ef ciently converted into a sparse-attention model by
netuning with a standard ow-matching loss for only a small number of steps. We further conduct

a preliminary study on integrating sparse attention with distillatigf. [In this setup, the student

is trained to act simultaneously as a few-step generator and a sparse generator, while the teacher
remains unchanged with full attention. Importantly, we preserve the original distillation loss and alll
hyperparameters, requiring no modi cations beyond adapting the student. To our knowe&iyés

the rst sparse attention method shown to be compatible with distillation, whereas prior approaches
that exploit diffusion time-step redundancy may fail in the extremely low-step distillation regime.

2.4 Kernel Implementation

VSA requires implementing both forward and backward kernels. We write block-sparse attention
kernel with ThunderKittens3Z] for ne stage. Despite using a relatively small tile size of 64, our
kernel achieves over 85% of FA's MFU (83.4). The coarse stage, illustrated in Figure 1, requires
row-wise TopK selection over the cube-level attention matrix. This step necessitates materializing
the attention matrix, which precludes direct use of FA-style fused kernels.

One possible workaround is to modify the FA kernel to incorporate in-kernel bitonic sorting for
TopK, thereby avoiding materialization. However, such fusion demands intrusive kernel rewriting
and careful tuning. We instead ask: is this complexity necessary9 $Ar the coarse stage operates
on(4; 4; 4) cubes, reducing sequence lengthady , e.g., a 100K-token sequence reduces to 1.5K.

At this scale, the memory overhead from materialization is negligible. FLOPS-wise, the coarse stage
contributes less than 0.2% of total attention compute, and we show in §83.4 that its runtime accounts
for only 14%, even when the ne stage is 87.5% sparse. This makes further kernel fusion unnecessary.
Nonetheless, we still make some efforts to speed up the coarse stage. Our block-sparse kernel
consumes block indices, not binary masks. Therefore, converting th& Toask into index form

incurs additional overhead. To mitigate this, we fuse softmax, Ra@lection, and mask-to-index
conversion into a single kernel. This fused kernel reduces coarse stage runtime modestly(§3.4D).



ExpID Case Loss —Opt Loss — Over ExpID Case Loss

1 Compress KV 0.15281 0.14282 7L 0.13330
2 Spatial Temporal  0.13574 0.13034 g (F:gjioc) 8};”533
3 Spatial Full 0.13555 0.12811 10 C&F 0.13162
4 Strided Window _0.13271  0.12716 11 C&F&L 0.13104
5 Full 0.13877 0.12703 12 C&F&L&E 013124
6 VSA 0.13162 0.12687 13 C&(F+L) 0.13192
(a) VSA v.s. other attention. (b) Different attention design.
B (C; Ch; Cw) ExpID CPooling FTile TFLOPS  Loss ExpID Pooling LoSS
256 4.8, 8) 14  256x256 256x256 478  0.13375
128 48 4 15 128x128  128x128 444 0.13244 19 Conv 0.27787
) (( 24 4)) 16 64x64 256x256 478 0.13328 20 Max 0.13929
» 17 64x64 64x64 408 _0.13162 012162
16 (2,4,2) 18  16x64 16x64 181 0.13155 21 Avg 0.13162
(©)B t0(Ct; Cn; Cw).  (d) Tile size ablation. ) dCritical token prediction
study.

Table 1: Ablation results for key design parameters of VSA.

3 Experiments

3.1 Ablation Studies

We conduct extensive pretraining experiments to ablate various design choices. Our experiments are
based on the Wan2.1 model architecture, a state-of-the-art open-source video DiT. Unless otherwise
speci ed, we train models with 120M parameters from scratchfdr 10°° FLOPS using video

latents of shap€l6; 32; 32) from the Vchitect-T2V-Dataverse datasgf]. We determined:5 10%°

to be compute-optimal for our setup by following established scaling lawslP]: when comparing
models of different sizes under xed compute budgets, we observe that a 120M parameter model
with full attention trained a#:5 10?°° FLOPS achieves better performance than smaller models
(60M) with the same compute budget, while increasing compute beyond this point yields diminishing
returns. FOIVSA and its variants, we set the number of selected KV Het® 32, achieving an
attention sparsity of approximately 87.5%. Detailed experimental setup and the rationale behind our
experiment design can be found in Appendix C. Key ndings from these ablations are presented
below.

Data-Dependent Trainable Sparsity Wins Over Fixed-Patterns.We rst investigate why full

attention predominates despite sparse alternatives. Table 1a shows existing sparse methods (Exp 1-4)
outperform full attention (Exp 5) with a compute-optimal training budges ( 10°° FLOPS), but

this advantage reverses with extended trainihg (.0?* FLOPS).VSA (Exp 6) outperforms both
previous xed-pattern methods and full attention. To understand why, in Table 1b(b) we examine
two key factors: pattern type and stage contributions. We compare data-dependent patterns against
xed local patterns ("L") that use €3; 3; 3) window. Simultaneously, we investigate the impact of

the coarse stage by including or excluding its outpyt(denoted as "C") from the nal attention

output, versus using only the ne stage output (denoted as "F"). Data-dependent patterns consistently
outperform xed patterns, both without the gated residual (Exp 7 vs. 8) and with it (Exp 9 vs. 10),
demonstrating the inherent advantage of adaptive sparsity and the gated residual.

Global Information is Necessary; Locality Priors Offer Limited Gains. We tested three ap-
proaches for incorporating local context: (1) adding a separate local sta¢fg& 8pB) window
attention (Exp 11), (2) explicitly excluding ("E") cubes selected by the local stage from the ne stage
(Exp 12), and (3) forcing the ne stage to include local cubes, without a separate local stage (Exp 13).
All three variations performed similarly to the simpler C & F architecture, indicating that explicit
local modeling provides minimal bene ¥ SA therefore adopts the simpler C & F architecture (Exp
10), which effectively captures both global and local information.

Finegrained Attention Map Leads to Better Performance But a Slower Kernel.As analyzed in
Section 2.1, the tile sizB in VSA is a critical hyperparameter that balances computational ef ciency
against model performance. It directly affects two key aspects: (1) how accurately critical tokens
can be identi ed through the coarse stage's cube size, and (2) the granularity of attention in the ne
stage. Hardware constraints partially dictate this parameter—NVIDIA Hopper GPUs optimize for



Figure 2:VSA scaling experiments. (a): Video DiT trained w8 A achieves similar loss curve compared

to one trained with full attention. (b)Y SA consistently produces a better Pareto frontier when scaling model
size up to 1.4B. (c) & (d): The optimal Tolg-value (dictating sparsity) depends on both sequence length and
training compute. A largeK is needed for a larger training budget.

matrix multiplications with dimensions divisible by 16, and smaller tiles generally reduce arithmetic
intensity. Our benchmarks in Table 1d show that decreasing tile sizedt@&m 256to 64 16
signi cantly reduces Model FLOPS Utilization (MFU).

Training with various tile sizes (Table 1c) reveals smaller tiles consistently reduce model loss through
ner attention granularity. This improvement stems from the ner granularity allowing the coarse
stage to more accurately predict critical-token cubes and the ne stage to focus attention on smaller,
more relevant regions. Experiment 16 speci cally tests mismatched granularity between stages,
con rming that both coarse and ne stage granularity signi cantly impact performance. Here, the
coarse stage used smaller pooling cu@s Cy; Cy) = (4 ;4;4) (effectivelyB = 64) while the

ne stage operated on larger tiles correspondin{@g Cy; Cy) = (4 ; 8; 8) (effectivelyB = 256).

To reconcile the ner granularity of the coarse stage's predicted attention map with the coarser
block-sparse attention in the ne stage, we applied an additifih& 2) average pooling before
selecting topK entries.

Balancing these ndings, we selectéd 64tiles (C;; C; Cw) = (4 ;4; 4)) as our default con gu-
ration. While64 16 tiles offer slightly better performance, they rar26 slower (Exp 18 vs. 17),
making this tradeoff unfavorable.

Mean Pooling Is Suf cient. We also examined different pooling methods for the coarse stage. Table
1e shows that average pooling outperforms both max pooling and convolutional approaches, with the
latter causing training instability.

3.2 Scaling Studies

To validateVSA, we pretrained a 410M video DiT with latent shgfié; 32; 32) (16,384 tokens),
larger than our 120M ablation models. Figure 2(a) shot8A achieves nearly identical loss to

full attention despite 87.5% sparsit (= 32 out of 256 cubes), while reducing attention FLOPS

by 8 and end-to-end training FLOPS B3 . Further scaling experiments from 60M to 1.4B
parameters (Figure 2(b)) con rm thatSA consistently produces a better Pareto frontier than full
attention. The parallel tted curves indicate that VSA maintaini& FLOPS reduction across
scales. Each model was trained with compute budgets 4p t@0** FLOPS on 128 H200 GPUs

with sequence length of 16K. To our knowledg£SA is the rst trainable sparse attention for
video DiTs demonstrating superior performance compared to full attention under rigorous scaling



Model Qual. Sem. Total

Ori-Wan 83.71% 77.98% 82.56%
Fullft.  84.07% 81.85% 83.63%
VSAft 83.60% 79.47% 82.77%

(a) VSA Wan-1.3B results on VBench. With
sparse adaptation/SA is able to achieve
similar score to a full attention counterpart
and even slightly outperform the original
model.

(b) Top: VSA vs. SVG human evaluation. SVG has
a 82.5% attention sparsity with (fp0.03, 0.025, s0.1).
Middle: VSA v.s. full attention with netuning. Bottom:
VSA v.s. full attention with distillation.

evaluation. While we leave comprehensive scaling studies at longer sequence lengths to future work,
our ne-tuned Wan 2.1 already shows 1.7nference speedup at 23K sequence length (83.3).

An important design question fofSA is determining the optimal sparsity level via the Tidp-
parameter. In Figure 2(c), we pretrained 120M models with varying sequence lengths under a xed
4:5 10%° FLOPS budget. Surprisinglit = 32 performs consistently well across sequence lengths

of 8192, 16384, and 24675, but underperforms compardd t016 at 61440 sequence length.

This contradicts the conventional intuition that longer sequences require iglaues. Further
investigation with increased compute budget at 61440 sequence length (Figure 2(c)) reveals that
K =32 eventually outperformi = 16 at1l 10?! FLOPS, with similar patterns at other lengths.
These ndings suggest that optimi&l depends on both sequence length and training budget. We
hypothesize that the ideal Tdf-increases with available compute, converging to full attention
with in nite resources. However, precisely predicting optinkalgiven budget, model size, and
sequence length remains an open question. One promising direction is to explicitly model sparsity
as an additional axis in the scaling law framewatR,[15], alongside model size and total FLOPS.
Incorporating inference costs further complicates this analysis, as Hgkalues may improve
training loss but increase inference overhead. We leave a comprehensive treatment of these tradeoffs
to future work.

3.3 Sparse Adaptation & Distillation

To evaluate/SA's effectiveness in a post-training setup, we netune Wan2.1-1.3B WA on
synthetic data generated by Wan-14B with video latiit 28 52 (480P). We seK to 32,
corresponding to a 91.2% attention sparsity. As shown in Tabl&/S# achieves even higher
VBench [1L6] score compared to the original Wan-1.3B. We hypothesize training with synthetic data
from a larger model may contribute to this boost. To ensure a fair comparison, we also netune
Wan-1.3B using the same synthetic data. The results show that all models perform closely on
VBench, indicating thal/ SA can retain generation quality despite signi cant attention sparsity. We
additionally compared/SA to SVG [37], a training-free attention sparsi cation method, under
extreme sparsity. Figure 3b Top shows tW&A is preferred even though it has a higher sparsity,
demonstrating the effectiveness of training with sparse attention. W8, the DiT inference time

of Wan-1.3B drops from 31s (full attention with torch compile) to 18s.

To further validate the effectiveness ¥SA across different model size and resolution, we scale
our study to the Wan-14B model, netuning on 720P synthetic data (I&@nt48 80) at 90%
sparsity. For this setup, we conduct human preference study on 200 randomly sampled MovieGen
prompts P9 to compliment our 1.3B VBench results. As shown in Figure 3b Middle, human evalua-
tion demonstrates that VSA preserves generation quality compared to the of cial full attention model,
indicating thatVSA is capable of maintaining high-quality performance at larger model scales. As a
pilot study, we further explore whether sparse attention can complement other acceleration techniques,
particularly distillation. In this setup, the student model in DMB2][employsVSA while the
teacher remains unchanged with full attention. All sparse distillation losses and hyperparameters are
kept identical to full-attention distillation, as detailed in C.6. This simple substitution yields a better
ef ciency (50.9x acceleration) with no quality drop, as shown in Figure 3b Bottom.



3.4 Kernel Performance

As Figure 4b showsySA's ne block sparse kernel approaches the theoretical limit with nearly
7x speedup over FlashAttention-3 at long sequence lengths (85% MFU over FA3). Even after
accounting for the coarse stage computatiod§A still maintains over 8 speedup. In contrast,
FlexAttention B] with an identical block-sparse mask ¢4 block size) achieves only aZpeedup.
Applying VSA's speedup to Wan-1.3B and Hunyuan brings 2iterence speedup, as shown in
Figure 4a.

G (b)

Figure 4: Kernel benchmarks. (a): Runtime breakdown of a single transformer block for Wan1.3B and Hunyuan.
VSA reduces the attention latency By . (b): Speed oVSA with a xed 87.5% sparsity under various
sequence length with head dim 64. VSA approach the theorecticapgedup over FA3.

3.5 Inspecting VSA

To gain deeper insight intd SA's mechanism, we inspect the block-sparse attention maps generated
by the coarse stage of our netuned 1.3B model. As illustrated in Figure 5(a-f), the predicted
attention patterns are highly dynamic, con rming our hypothesis that effective sparse attention
must be data-dependent rather than relying on prede ned structures. Even within a single layer,
different attention heads often exhibit markedly distinct behaviors. Many observed patterns echo
established heuristics, such as local attention focused on tokens near the query (akin to sliding tile
attention), or spatial-temporal attention concentrating on tokens within the same frame (d), the same
temporal-width plane (e), or the temporal-height plane. Conversely, some patterns deviate from
simple heuristics, displaying highly global characteristics (b) or a combination of local and global
focus (c).

We quantify the accuracy of critical token prediction calculated as the sum of attention scores within
the top-32 cubes selected by the coarse stage. As a baseline, a random selection of 32 cubes from the
386 total (for a (16, 28, 52) latent) captures only 8% of the attention score, as shown by the red plane
in Figure 5(e). In stark contrast,SA maintains a high accuracy rate, consistently achieving at least
60% in most layers and timesteps, and reaching as high as 90% in some instances. This underscores
VSA's strong capability in identifying critical tokens. Critically, even if the ne stage misses a small
portion of the attention weight, the direct output from the coarse stage can potentially compensate
for this. Further examination of Figure 5 (e) reveals systematic variations in prediction accuracy.
Accuracy tends to increase monotonically with the timestep. Across transformer layers, however,
the accuracy rate exhibits a zig-zag pattern. These accuracy dynamics across layers and timesteps
suggest avenues for future optimizations with adaptive Koglue.

4 Related Work

Sparse Attention in LLMs. There has been a proliferation of xed-pattern sparse attention mech-
anisms in large language mode®s 46, 1, 7, 13]. In practice, however, most LLM training (over
90% of total FLOPS) happens on short sequenc&2K tokens) under the “train-short, adapt-long”
paradigm {10, 23, 12, 42], so sparse attention saw little uptake beyond sliding window attention
variants like in Mistral [L7]. With LLMs targeting contexts beyond 1M tokens, sparse attention has
seen renewed interest. Recent work primarily targets inference-time speetiyg®, [L8, 41], while

the latest methods explore trainable, dynamic sparsity patterns (MBBANSA [45]) to enable

ef cient end-to-end training on extreme-length sequences. We draw inspiration from them; However,



Figure 5: Visualization of the attention pattern\6BA. (a)-(f): VSA dynamically select different cubes to attend,
where the blue cube indicates query and red cubes indicated selected key and vaM8g\(ejjitical-token
prediction accuracy.

VSA differs from MoBA by directly contributing the coarse-grained attention output to the nal
representation and using smaller blocks compatible with ef cient block-sparse kernels. Compared to
NSA, the nature of video and bidirectional attention avoids grouped query constraints of the attention
pattern. We discuss similarities and differences in depth in 8E.

Sparse Attention in Video DiTs. Recent work has explored applying sparse attention post-hoc to
DiTs pretrained with full attentiord3, 6, 47, 37, 14] at inference. However, we argue that the case

for trainable sparse attention in video DiTs is both distinct frommede urgenthan in LLMs. First,

video DiT demands far longer sequences, e.g., a 100K-token context yields only 5s video, making
scaling inherently more costly than language models. Second, unlike LLMs, where long-context
adaptation is a small fraction of total training, state-of-the-art video DiTs3d5, 29, 33] dedicate

most of their compute budget to full-resolution, long-sequence training. As a result, these models
remain bottlenecked by quadratic attention at both training and inference. This calls for trainable
sparse attention mechanisms, IK8A, as a core design of video DiTs, not a post-hoc x. D3|

also explores adding sparsity to attention during DiT training, but their multi-stage and pro ler-based
design may complicate the training pipeline, which we further discuss in §E.

5 Limitation and Conclusion

We presen¥/ SA, a trainable and hardware-ef cient sparse attention tailored for scaling DiTs. Unlike
prior work that applies sparsity post-ho£SA jointly learns to predict and apply attention sparsity at
training and remains compatible with block-sparse compute laxBA currently operates with

a xed cube size of4; 4; 4), which requires video latent dimensions to be divisible by 4. While

this may restrict the set of compatible resolutions, it can be addressed in practice by generating a
slightly larger latent and cropping to the target shape. Another open question is how to determine the
optimal sparsity level. While our scaling experiments (83.2) provide preliminary insights, a complete
understanding may require extending scaling laws to explicitly account for sparsity, alongside model
size and training compute. Across diverse model sizes (60M to 1.4B) and budgetsh(ud @8*
FLOPS), we show thaf SA matches the performance of full attentior2ei3 lower training cost,

and achieve85%MFU of FA3. When integrated with Wan2.1-1.3B, it reduces end-to-end latency by
1:7 . We hope this work establishes trainable sparse attention as a practical and scalable alternative
to full attention in further scaling video DiTs.
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