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Abstract

Diffusion Transformers (DiTs) achieve strong
video generation quality but suffer from high
inference cost due to dense 3D attention, lead-
ing to the development of sparse attention tech-
nologies to improve efficiency However, existing
training-free sparse attention methods in video
generation still face two unresolved limitations:
ignoring layer heterogeneity in attention pruning
and ignoring query-key coupling in block parti-
tioning, which hinder a better quality-speedup
trade-off. In this work, we uncover a critical
insight that attention sparsity of each layer is
its intrinsic property, with minor effects across
different inputs. Motivated by this, we propose
SVOO, a training-free Sparse attention frame-
work for fast Video generation via Offline layer-
wise sparsity profiling and Online bidirectional
co-clustering. Specifically, SVOO adopts a two-
stage paradigm: (i) offline layer-wise sensitiv-
ity profiling to derive intrinsic per-layer pruning
levels, and (ii) online block-wise sparse atten-
tion via a bidirectional co-clustering algorithm.
Extensive experiments on seven widely used
video generation models demonstrate that SVOO
achieves a superior quality-speedup trade-off over
state-of-the-art methods, delivering up to 1.93 %
speedup while maintaining a PSNR of up to 29
dB on Wan2.1. Code is available at: https:
//github.com/Mutual-Luo/SVOO.
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Figure 1. An example acceleration comparison on the Wan2.1-
T2V-1.3B (Wan et al., 2025). All experiments are conducted on a
single NVIDIA H200 GPU at a 720p resolution with 81 frames.

1. Introduction

Diffusion Transformers(DiTs) (Peebles & Xie, 2023) have
already revolutionized the video generation, achieving high
fidelity and temporal coherence. Despite their success (Wan
et al., 2025; Yang et al., 2024; Team et al., 2025; Wang
et al., 2026), DiTs incur prohibitive computational overhead,
primarily due to their dense 3D self-attention with quadratic
complexity in spatial-temporal token count (Zhang et al.,
2025b; Contributors, 2025; Team, 2024; Wang et al., 2025).

Recent studies mitigate the high computational cost of DiT
attention by exploiting redundancy in attention mechanisms,
motivated by empirical evidence that attention maps are
highly sparse, with only a small fraction of attention weights
being non-negligible (Zhang et al., 2025c; Sun et al., 2025).
This observation has led to a series of sparse attention meth-
ods, which can be broadly divided into training-free ap-
proaches (Zhang et al., 2025a; Shen et al., 2025; Yang et al.,
2025; Xi et al., 2025; Xu et al., 2025; Li et al., 2025) and
training-based approaches (Wu et al., 2025; Zhang et al.,
2025e; Tan et al., 2025; Zhan et al., 2025), where training-
free sparse attention reduces computation by directly lever-
aging sparsity without incurring additional training cost. In
practice, training-free sparse attention is often implemented
with a coarse-to-fine pipeline: tokens are partitioned into
blocks, block importance is estimated efficiently, and the
dense attention is computed only for a subset of block pairs.
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However, while these training-free sparse attention methods
substantially reduce the inference cost of DiT-based video
generation models, they still face two limitations:

* L1: Ignore Layer Heterogeneity in Attention Pruning:
Most existing methods treat the multiple transformer lay-
ers as a homogeneous stack and apply uniform sparsity
ratios across layers. In Sec. 3 and 4.1, we empirically and
theoretically show that attention sparsity is an intrinsic
property of each layer, exhibiting pronounced variation
across layers while remaining relatively stable within
each layer across different inputs. Such existing layer-
agnostic designs overlook the distinct functional roles of
different layers and their varying tolerance to attention
pruning, leading to suboptimal sparsification decisions.

* L2: Ignore Q-K Coupling in Block Partitioning: Exist-
ing block-wise sparse attention methods partition queries
and keys into blocks independently, despite the fact that
salient attention patterns emerge from coupled Q-K in-
teractions. In Sec. 3, our analysis indicates that the op-
timal block partitioning of keys is query-dependent, and
vice versa. The existing Q-K decoupled blocking may
misalign Q-K informative correspondences, leading to
inferior sparsity patterns and reduced generation fidelity.

To address these challenges, we propose SVOO, a training-
free Sparse attention framework for fast Video generation
via Offline layer-wise sparsity profiling and Online bidi-
rectional co-clustering. Specifically, we first quantify the
intrinsic pruning tolerance of each transformer layer via
an offline calibration on a small set of random inputs, and
derive a sparsity schedule that specifies the appropriate prun-
ing ratio per layer. During inference, this schedule is ap-
plied to guide attention sparsification, delivering speedups
with minor impact on quality. Next, to efficiently obtain
a coupling-aware block partition without dense computa-
tion, we introduce a bidirectional co-clustering scheme that
jointly groups queries and keys. Tokens are assigned accord-
ing to their cross-attention affinity to opposite-side centroids
and iteratively refined, producing well-aligned Q-K blocks
with negligible overhead. We evaluate SVOO on 7 widely
used models, including Wan2.1-T2V-1.3B, Wan2.1-T2V-
14B, Wan2.1-12V-14B, Wan2.2-T2V-A14B, Wan2.2-12V-
A14B, HunyuanVideo-T2V, and HunyuanVideo-I2V. SVOO
consistently achieves a better trade-off between quality and
efficiency than the state-of-the-art training-free sparse atten-
tion methods. Our contributions are summarized as follows:

* We conduct an in-depth analysis of existing training-free
sparse attention methods and reveal two unresolved limi-
tations: ignoring layer heterogeneity in attention pruning
and overlooking Q-K coupling in block partitioning.

* We propose SVOO, a novel training-free sparse attention
framework tailored for fast video generation via offline
layer-wise sparsity profiling and online bidirectional co-

clustering to solve the aforementioned two limitations.

» Extensive experiments across 7 widely used video genera-
tion models demonstrate that SVOO offers a better trade-
off between generation quality and inference speedup.

2. Related Work
2.1. Training-based Sparse Attention

A recent line of work focuses on trainable sparse atten-
tion, where sparsity patterns are learned during training.
VMOoBA (Wu et al., 2025) accelerates video DiTs by em-
ploying a layer-wise recurrent 1D-2D-3D block partition-
ing scheme and a global threshold-based selection strategy.
VSA (Zhang et al., 2025d) learns an end-to-end block-sparse
attention using a coarse-to-fine tile selection scheme with
annealed dense-to-sparse training. DSV (Tan et al., 2025)
trains per-module predictors to approximate attention scores
and pre-select critical key-value pairs, enabling fused sparse
attention and sparsity-aware parallelism for faster training.
BSA (Zhan et al., 2025) jointly sparsifies queries and key-
value blocks via semantic query selection and dynamic KV
thresholding under an annealed sparsity schedule to acceler-
ate training and inference. While their promising speedups,
training-based methods introduce extra training overhead.

2.2. Traning-free Sparse Attenion

Training-free methods reduce inference computation by di-
rectly exploiting attention sparsity without introducing addi-
tional training cost. STA (Zhang et al., 2025¢) introduces
a hardware-friendly sliding-tile attention mechanism that
replaces global 3D attention with window-based blocks.
SVG (Xi et al., 2025) classifies attention heads into spatial
or temporal groups using an efficient profiling strategy. Ra-
dial (Li et al., 2025) applies a multi-band mask with radially
shrinking attention windows and sampling frequencies over
time. RainFusion (Chen et al., 2025) identifies a small set of
important key-value tokens, often corresponding to motion
regions or high-frequency textures, and extends the pat-
terns in SVG. AdaSpa (Xia et al., 2025) performs an online
search for effective sparse patterns by exploiting the cross-
step invariance of attention. SpargeAttn (Zhang et al.) and
DraftAttention (Shen et al., 2025) estimate block importance
using aggregated token activations and skip low-score atten-
tion blocks to reduce computation. XAttention (Xu et al.,
2025) identifies critical attention blocks using an efficient
antidiagonal-sum proxy for block importance, combined
with a dynamic programming-based thresholding strategy.
SVG2 (Yang et al., 2025) improves block-wise sparse atten-
tion by grouping semantically similar tokens via k-means
clustering into contiguous memory layouts. However, exist-
ing training-free methods still overlook layer heterogeneity
in attention pruning and Q-K coupling in block partitioning,
resulting in a suboptimal quality-efficiency trade-off.
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Figure 2. Layer-wise attention sparsity across different models.
The figure shows that attention density varies substantially across
layers (layer-wise heterogeneity), while remaining highly stable
for each layer across different inputs (layer-wise stability).

3. Motivation and Analysis

Here, we conduct the in-depth analysis of our motivations
introduced in Sec. 1: (i) layer heterogeneity in attention
pruning and (ii) Q-K coupling in block partitioning.

3.1. Layer Heterogeneity in Attention Pruning

To examine layer-wise heterogeneity in pruning tolerance,
we conduct an empirical study on four representative video
generation models: Wan2.1-14B-T2V, Wan2.1-14B-12V,
Wan2.2-A14B-T2V (Wan et al., 2025), and HunyuanVideo-
T2V (Team et al., 2025). For each layer, we measure the
attention density as the minimum fraction of attention en-
tries needed to cover 80% of the cumulative attention mass,
i.e., the number of selected positions divided by the total
number of entries in the attention map (Yang et al., 2025).
For the results in Figure 2, we randomly sample 5 prompts
from VBench (Zheng et al., 2025; Huang et al., 2024) per
model. Additional details are provided in the Appendix B.

The results in Figure 2 lead to two key observations:

* Layer-wise Heterogeneity: Attention density varies sub-
stantially across layers, indicating that different layers
contribute unevenly to the overall attention computa-
tion. This variation implies that transformer layers exhibit
markedly different tolerance levels to attention pruning when
accelerating video generation, and thus applying a uniform
sparsity ratio across all layers may lead to inefficient or
overly aggressive pruning in certain transformer layers.

* Layer-wise Stability: For a certain layer, the measured
attention sparsity remains highly consistent across dif-
ferent inputs, suggesting that the attention pruning tol-
erance of each layer is largely invariant to input content.
This stability indicates that each layer’s sparsity pattern

The optimal block partitioning of Keys is Query-dependent.
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Figure 3. Illustration of query-key coupling in block partitioning,
which is important for block-wise sparse attention. The example
shows that the optimal partitioning of Keys is Query-dependent,
as different Queries induce different optimal groupings of Keys.

is governed more by its architectural role and learned
parameters than by the specific input characteristics.

In Sec. 4.1, we further provide a theoretical analysis of this
phenomenon. Together, these observations imply that each
DiT layer exhibits a distinct yet relatively stable sparsity
characteristic across diverse inputs. This insight motivates
sparse attention designs to account for layer-wise hetero-
geneity rather than applying uniform pruning across layers.

3.2. Q-K coupling in Block Partitioning

Existing block-wise sparse attention methods typically fol-
low a two-stage pipeline: they first partition queries and
keys into blocks to obtain a coarse block-level attention esti-
mate, and then compute dense attention only for a small set
of selected block pairs. The quality of block partitioning is
therefore crucial, as it determines whether coarse estimates
can reliably reflect true attention strength and whether the
selected blocks cover the dominant semantic dependencies.
Ideally, queries within the same query block should exhibit
similar attention preferences, and keys within the same key
block should be attended by similar queries, so that attention
mass concentrates on a few well-aligned block pairs.

To build intuition, consider a simple example. For a fixed
query q, two keys k; and ks should be grouped into the
same block if they yield similar attention logits, i.e.,

d'ki~rq'ky <= q (ki—ky)=0. (1)

Here q " (k; — ky) = 0 implies that placing k; and ky into
the same key block depends on whether (k; — ko) has a
small inner product with q, making key-block partitioning
inherently query-dependent. As illustrated in Figure 3, the
optimal key partition can vary across queries: for given
query qj, a suitable block partition of keys is [k;, ko] and
[k3, k4], whereas for given query g, the optimal block par-
tition of keys may shift to [k, k4] and [ko, k3]. Therefore,
independently partitioning queries and keys can introduce
structural mismatch and fragment high-mass attention re-
gions, motivating a joint, coupling-aware block partitioning.
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Figure 4. The framework of SVOO consists of two stages for accelerating video generation. Offline stage (left): we profile the intrinsic
attention sparsity of each transformer layer and derive a layer-wise sparsity schedule. Online stage (right): we perform bidirectional
co-clustering to partition queries and keys into coupled blocks, and then select salient block pairs according to the offline schedule.

4. Our Proposed SVOO

In this section, we elaborate on our proposed SVOQ, a novel
training-free Sparse attention framework for fast Video gen-
eration via Offline layer-wise sparsity profiling and Online
bidirectional co-clustering. Specifically, SVOO adopts a
two-stage paradigm: it first profiles the intrinsic attention
sparsity of each transformer layer offline to derive a layer-
specific sparsity schedule, and then performs online bidirec-
tional co-clustering during inference to construct coupling-
aware query-key block partitions and identify salient atten-
tion blocks under this schedule efficiently. An overview of
our proposed SVOO framework is shown in Figure 4.

4.1. Offline Layer-Wise Sparsity Profiling

Based on the analysis in Sec. 1, we empirically identify two
key properties of DiT layers: layer-wise heterogeneity and
layer-wise stability. Layer-wise heterogeneity refers to the
substantial variation in attention sparsity across different
layers, while layer-wise stability indicates that the sparsity
pattern of a given layer remains highly consistent across
different inputs, reflecting an intrinsic property of that layer.

To theoretically analyze these phenomena, we focus on the
statistics of the pre-softmax attention logits. Let X € R™*¢
denote the input representation to a transformer layer with
n tokens. For a query token 4, the pre-softmax logits are

a; = softmax(z;(X)), where z;(X) = w
with x; is the i-th row of X, d’ is the attention head di-
mension and W, Wk are the query and key projection
matrices. Since softmax is applied row-wise, the concentra-
tion of a; is largely governed by the dispersion of z;(X): a
larger Var(z;) typically yields a more peaked a; (i.e., higher
sparsity), while a smaller Var(z;) produces a flatter, more
uniform distribution. Accordingly, we adopt the average
row-wise variance of the pre-softmax logits as a proxy for

attention sparsity, which we denote by V' (X) and define as:

1 n
V(X) & =) Varqz;(X)). 2
(X) n;ar(zm) @
To analyze layer-wise heterogeneity and stability theoreti-
cally, we first introduce the following Assumption 4.1:

Assumption 4.1 (Bounded Token Representations). Con-
sider a transformer layer and let its input be X € R"*4,
whose rows are token representations x; € R'*¢. Assume
{x;}™_, are from a distribution on R? with population mean
p, = E[x] and covariance 3, £ E [(x — p,) T (x — p,)].
We assume that there exists a constant R > 0 such that:

Ix|l2 < R. 3)
Assumption 4.1 assumes that, within a well-trained layer,
token representations are contained in an R-ball around
the population mean. Such a boundedness assumption is
reasonable in practice, as normalization layers (e.g., Layer-
Norm/RMSNorm) and residual connections stabilize acti-
vation magnitudes in existing DiT-based video generation
models. Then, we propose the following Theorem 4.2:

Theorem 4.2 (Layer-wise Sparsity Stability). Consider a
well-trained transformer layer and denote by V (X) the av-
erage row-wise variance of the pre-softmax attention logits
produced by this layer for input X € R™*%. Under Assump-
tion 4.1, for any two independent inputs X, X e Rrxd of
equal token length, it holds with probability at least 1 — §:

V/(X) - V(X)]
< 2B ¢, s ( log(d/9) , 1og<d/6)> @

where C' > 0 is an absolute constant, M £ WqWy
with Wq, Wk € R4 gre the query and key projection
matrices of this layer, and d' is the attention head dimension.



Submission and Formatting Instructions for ICML 2026: Attention Sparsity is Input-Stable

Theorem 4.2 provides an upper bound on the discrepancy
between the pre-softmax attention logit variances induced
by two different inputs, with its detailed proof can be found
in Appendix A. Importantly, the bound depends on M, im-
plying that this discrepancy is influenced by layer-specific
parameters, yielding layer heterogeneity. Meanwhile, in
video generation scenarios, the token length n is typically
very large and satisfies R < n, which makes the RHS
of Eq. (4) small. As a result, within each layer, the logit
variance is largely input-invariant, yielding layer stability.

Motivated by the aforementioned layer heterogeneity and
stability, we introduce an offline profiling module to derive
a reliable layer-head sparsity schedule. The schedule aims
to avoid overly aggressive pruning in sensitive layers while
preventing insufficient sparsification in redundant ones. We
first construct a small calibration set D = {z*}7, by
randomly sampling m inputs. For each layer ¢, head h, and
calibration input 2, we compute an attention density déf) n €
(0, 1], defined as the minimum fraction of attention entries
required to cover a proportion 7 of the cumulative attention
mass where we set 7 = 0.95. Specifically, let A%, € R"*"
denote the post-softmax attention matrix of layerf and head
h under input z*. For each row 4, we sort {A’g’h(i, 3=
in descending order and define S(E]}? (i) C{1,...,n} as the
minimal prefix satisfying Zkesgfl Agg(i, k) > 7. The

attention density déj ,>1

(@)
is then computed as follows:

. 1 )
dip =~

&)

We then fit a univariate Gaussian dgj,)l ~ N (pe,n, 03 ,,) to
{dg ,)Z };7“:1, and take the upper a-quantile as a conservative

estimate CZUL = pg,h + 2000, with o = 0.95. Finally, we
derive the sparsity schedule sy j, as follows:

(6)

sen =1—dgp,

which is used to guide the subsequent online attention spar-
sification. Notably, the calibration set D can be arbitrary
reasonable inputs due to the layer-wise stability of DiTs.

4.2. Online Bidirectional Co-Clustering

As analyzed in Section 3, existing sparse attention meth-
ods partition queries and keys independently, ignoring the
intrinsic Q-K coupling that shapes the resulting attention
map. Such Q-K decoupled blocking often yields suboptimal
partitions, as tokens grouped within the same block may
exhibit large cross-attention disparities, making subsequent
block selection less reliable. Ideally, queries within a block
should share similar attention preferences, while keys within
a block should exhibit similar relevance across queries.

1
2

10
11
12

Algorithm 1: Bidirectional Co-Clustering Algorithm
for the Query-Key Coupled Block Partitioning.

Input: Query tokens Q = {q;}¥,, Key tokens
K = {k;}},; Target number of blocks
K4, Ki; Max iterations Jpax.
Output: Query block assignments L,; Key block
assignments Ly; Block centroids C, Cy,.

C§°> + Sample(Q, K); C,(CO) <+ Sample(K, Kj) ;

for: =1to I,, do

» Step A: Query—aware Key-side Block

Partitioning

P« K(CY T, Pyl Vit
// Affinity to query anchors

P}, < Norm(P},); Py, + Norm(Py)

Ly < argminjeq, k) [[Pr — Pr[j]l2 ;
// Assign keys to blocks

C,(;) <+ Mean(K via L) ;

» Step B: Key-aware Query-side Block
Partitioning

(\T. p (i=1) ( (T .
P, Q(C,’) P, C; (C.) ;
// Affinity to key anchors
P, < Nom(P,); P, < Norm(P,,)
Ly argminje(r . x,} [[Pg — Pylj]ll2 ;
// Assign queries to blocks

Cgi) + Mean(Q via L) ;

end
return L,, C,, Ly, Cy,

To this end, we design a novel bidirectional co-clustering
algorithm that explicitly accounts for Q-K coupling during
block partitioning, with its details provided in Algorithm 1.
Specifically, the proposed bidirectional co-clustering algo-
rithm alternates between query-aware key partitioning and
key-aware query partitioning to jointly align query and key
blocks. Given query tokens Q = {q;}}¥, and key tokens
K = {k;} 9’:1, we first initialize the query and key block
centroids CEJO) and C;CO) by randomly sampling anchor to-
kens. At each iteration, we first perform query-aware key-
side clustering. For each key token, we compute its affinity
vector P, with respect to the current query centroids C((f_ 2 ,
which characterizes how the key is attended by different
query blocks. Keys are then assigned to the nearest key cen-
troid by comparing these affinity patterns, yielding updated
key block assignments £ and centroids CS). This step
groups together keys that exhibit similar relevance across
queries. Next, we perform key-aware query-side clustering
in a symmetric manner. By iteratively alternating between
these two steps, the algorithm jointly refines query and key
partitions in a coupling-aware fashion. As a result, queries
within the same block share similar attention preferences,
while keys within the same block exhibit similar relevance
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Table 1. Quality and efficiency benchmarking results of our proposed SVOO and baselines on Text-to-Video Task.

Model Config Baseline Quality Efficiency

PSNRT SSIMT LPIPS| ImageQualf AesQualf SubConsist] BackConsist{|Latency Speedup

Origin - - - 66.58% 64.47% 96.74% 97.30% 417s  1.00x

SpargeAttn|25.137 0.801 0.234  63.08% 62.75% 95.79% 97.09% 288s  1.45x

SVG1 |25.712 0.811 0.230  63.26% 61.14% 94.27% 91.16% 266s  1.56x

1.3B-720P-T2V| SVG2 |29.268 0.886 0.127 61.83% 60.15% 95.88% 96.47% 241s  1.73x

Radial |26.305 0.829 0.182  63.67% 62.76% 96.56% 97.07% 257s  1.62x

SVOO [29.986 0.898 0.125 66.57% 64.45%  96.62% 97.19% 216s 1.93x

Wan2.1 Origin - - - 69.14% 61.27% 97.64% 97.70% 1982s  1.00x

SpargeAttn|23.837 0.751 0.210  64.48% 57.91% 96.93% 97.25% 1394s  1.42x

SVG1 |23.957 0.804 0.194 67.80% 58.95% 97.09% 97.12% 1239s  1.60x

14B-720P-T2V | SVG2 |27.342 0.892 0.111 68.29% 59.06% 97.24% 97.07% 1261s  1.57x

Radial |23.358 0.798 0.206  67.66% 60.83% 97.55% 97.49% 1297s  1.53x

SVOO |27.786 0.893 0.111 68.92% 61.01% 97.67% 97.69 % 1203s  1.64x

Origin - - - 72.62% 65.21% 97.24% 97.41% 1608s  1.00x

SpargeAttn| 19.638 0.697 0.288  70.77% 63.29% 96.18% 96.68% 1116s 1.44x

SVG1 |21.293 0.798 0.210 71.84% 65.13% 96.16% 96.67% 1049s  1.53x

Wan2.2 | 14B-720P-T2V | SVG2 |24.477 0.856 0.142 71.51% 62.17% 96.22% 96.45% 1061s  1.52x

Radial |20.452 0.704 0270 71.47% 64.76% 95.78% 96.22% 1164s 1.38x

SVOO |24.846 0.860 0.144 72.92% 65.16%  96.72% 97.01% 984s 1.63x

Origin - - - 67.56% 57.28% 97.67% 97.76% 1783s  1.00x

SpargeAttn|22.394 0.770 0.236  66.95% 55.22% 96.49% 96.64% 1294s  1.38x

SVG1 21979 0.752 0.259  67.04% 55.56% 96.47% 96.51% 897s  1.99x

Hunyuan| 13B-720P-T2V | SVG2 [25.218 0.841 0.205  66.90% 55.31% 96.78% 96.49% 909s  1.96x

Radial |24.319 0.805 0.219 66.33%  56.74% 97.04% 96.72% 916s  1.94x

SVOO |24.879 0.843 0224 6793% 55.80%  97.99% 97.50% 821s 2.17x

across queries, producing well-aligned query-key blocks.

Top Block-Pair Selection. We perform the block-wise
selection via coarse-grained estimation A = C,C]. To
balance the recall 7 and offline budget s; 5, the selection
ratio p; j, is determined by a threshold-dependent strategy:

) {min(Recall(A,T),Sz,h)a if s, >0
Lh =

_ 7
max(Recall(A, 7),s;,), ifs;p <6 ™

Dense attention is computed only over the top p; 5, K}, blocks

Clustering Reuse. While bidirectional co-clustering incurs
extra computation, we find that our resulting block partitions
are highly stable across diffusion steps. We therefore reuse
the clustering results and recompute them every N steps.

Kernel Customization. We implement the bidirectional co-
clustering algorithm using Triton, and adopt dynamic block-
size FlashInfer kernels from prior work (Yang et al., 2025;
Ye et al., 2025) for block-wise sparse attention computation.

Difference from SVG2. SVG2 (Yang et al., 2025) inde-
pendently partitions queries and keys into blocks using K-
means, ignoring that the optimal block partitioning of queries
varies with keys, and vice versa. In contrast, we account
for Q-K coupling by jointly partitioning queries and keys
via novel bidirectional co-clustering, yielding better-aligned
blocks with similar attention preferences within each block.

5. Experiment
5.1. Setup

Models. We evaluate SVOO on 7 widely used video gen-
eration models, covering both text-to-video and image-
to-video tasks. Specifically, the text-to-video models in-
clude Wan2.1-1.3B-T2V, Wan2.1-14B-T2V, Wan2.2-A14B-
T2V (Wan et al., 2025), and HunyuanVideo-T2V (Team
et al., 2025), while image-to-video models include Wan2.1-
14B-12V, Wan2.2-A14B-12V, and HunyuanVideo-I2V.

Metrics. We evaluate both the quality and efficiency of
SVOO and the baselines. For quality assessment, we use
Peak Signal-to-Noise Ratio (PSNR), Learned Perceptual
Image Patch Similarity (LPIPS) (Zhang et al., 2018), and
Structural Similarity Index Measure (SSIM) (Wang et al.,
2004) to measure the similarity between videos generated
with sparse and dense attention. In addition, we adopt the
VBench score (Huang et al., 2024) to evaluate video gener-
ation quality, reporting metrics on image quality, aesthetic
quality, subject consistency, and background consistency.
For efficient assessment, we report the inference latency and
the overall speedup achieved under the same settings.

Datasets. For text-to-video generation task, we follow the
Penguin Benchmark with prompt optimization provided by
the VBench team (Huang et al., 2024), while for image-to-



Submission and Formatting Instructions for ICML 2026: Attention Sparsity is Input-Stable

Table 2. Quality and efficiency benchmarking results of our proposed SVOO and baselines on Image-to-Video Task.

. Quality Efficiency
Model Config Baseline PSNR1 SSIM7T LPIPS| ImageQualf AesQualt SubConsist? BackConsistf|Latency Speedup
Origin - - - 71.52% 61.86% 94.98% 95.37% 1658s  1.00x
SpargeAttn| 21.557 0.691 0.297 70.83% 61.77 % 95.81% 95.04% 1124s  1.48x
SVG1 [24.262 0.825 0.174 70.93% 61.02% 94.42% 94.51% 1047s  1.58x
Wan2.1 [14B-720P-12V| SVG2 |27.324 0.856 0.125 70.76% 61.45% 95.72% 94.93% 998s  1.66x
Radial |23.673 0.759 0.189 70.91% 61.62% 94.52% 95.36% 1046s  1.58x
SVOO [27.545 0.878 0.121 71.71% 61.67% 94.80% 95.39% 954s  1.74x
Origin - - - 74.36% 66.23% 97.55% 97.24% 1605s  1.00x
SpargeAttn| 25.935 0.832 0.139 72.61% 62.29% 97.03% 97.09 % 1119s  1.42x
SVG1 [26.882 0.866 0.131 72.88% 62.05% 97.17% 97.08% 1034s  1.55x
Wan2.2 [14B-720P-12V| SVG2 |28.384 0.893 0.106 71.28% 62.36% 96.79% 96.65% 1057s  1.52x
Radial |25.080 0.797 0.156 71.19% 63.73% 95.91% 96.49% 1157s  1.39x
SVOO [29.678 0913 0.095 7337%  63.76% 97.31% 96.97% 994s 1.61x
Origin - - - 70.30% 62.06% 96.55% 96.54% 1761s  1.00x
SpargeAttn| 22.908 0.717 0.259 68.53% 60.99% 96.22% 95.37% 1287s  1.37x
SVG1 (23437 0.729 0.236 67.04% 55.57% 96.51% 95.47% 887s  1.98x
Hunyuan|13B-720P-12V| SVG2 [24.947 0.761 0.220 68.45% 59.75% 95.61% 95.68% 889s  1.98x
Radial [23.463 0.720 0.258 69.52% 61.66% 95.30% 95.62% 912s  1.93x
SVOO [25.155 0.759 0.200 69.70% 59.68% 96.79 % 95.70 % 810s 2.17x
video generation task, we use the prompt-image pairs from _ Full wj/o Off w/o On
VBench++ (Zheng et al., 2025) with a 16:9 aspect ratio. X
«— F 0 F =
Baselines. We compare SVOO with state-of-the-art training- 5 & I = 1000
free sparse attention methods tailored for accelerated video 'Tg 701 v | B
generation, including SpargeAttention (Zhang et al., 20252), O § 2007
SVG (Xi et al., 2025), SVG2 (Yang et al., 2025), and Ra- i
dial (Yang et al., 2025). We use official configurations from & 603 o7 Wan2 2  HY 0 Wan21 Wan2.2  HY

their open-sourced repositories, except for unified warm-up.

Implementations. We set the number of query and key
blocks to K, = 256 and K = 1024, respectively. The
bidirectional co-clustering algorithm is run with only two
iterations per clustering and recomputed every 20 diffusion
steps. The threshold is set to # = 0.1. For all models, we
apply a layer warm-up of one layer, where the first layer
always uses the dense attention. In addition, Wan-series
models use 20% dense attention warm-up diffusion steps,
while HunyuanVideo-series models use a 10% warm-up.
For our proposed SVOO, SpargeAttention, SVG, and SVG?2,
videos are generated at a standard 720p resolution (720 x
1280). Specifically, Wan-series models generate 81-frame
videos, while HunyuanVideo-series models generate 129-
frame videos. For Radial, due to constraints imposed by its
acceleration strategy, we follow its specification and use a
resolution of 704 x 1280, with 85 frames for Wan-series
models and 133 frames for HunyuanVideo-series models.
All experiments are conducted on the NVIDIA H200 GPU.

5.2. Quality and Efficiency Evaluation

We evaluate the quality and efficiency of SVOO and the base-
lines on both text-to-video and image-to-video generation

Figure 5. The ablation study of our proposed SVOO.

tasks, with results reported in Tables 1 and 2, respectively.
Overall, SVOO consistently achieves the highest speedup
among all methods while maintaining better generation qual-
ity in most settings. For Wan2.1-1.3B-T2V, SVOO attains
a 1.93x speedup, outperforming the runner-up SVG2 by
0.20x, and improves image quality and aesthetic quality by
4.74% and 4.30%, respectively. Moreover, we provide qual-
itative visual comparisons of videos generated by SVOO in
Figure 6, which further corroborate the quantitative results
and demonstrate that our proposed SVOO still maintains
great generation quality under high inference acceleration.

5.3. Ablation Study

To assess the contributions of the two mechanisms of SVOO
to the quality-efficiency trade-off, we perform ablation stud-
ies on text-to-video generation using Wan2.1-1.3B, Wan2.2-
14B, and HunyuanVideo (HY). We consider two variants of
SVOO: (1) SVOO (w/o Off), which removes offline profil-
ing and uses a fixed recall threshold of 7 = 90%:; (2) SVOO
(w/o On), which removes bidirectional co-clustering and
adopts independent clustering. As shown in Figure 5, re-
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Wan2.1-14B-T2V

Dense Dense

prompt:A red bird. Realistic, Natural lighting, Peaceful

Wan2.2-A14B-T2V

prompt: A person irons a piece of clothing, smoothing
out the wrinkles. Realistic, Indoor lighting, Casual

HunyuanVideo-T2V
Dense

prompt:A room with a crib, toys, and colorful
decorations. Realistic, Indoor lighting, Cheerful

Figure 6. Examples of videos generated by our proposed SVOO and dense attention on Wan and HunyuanVideo models.

Wan2.1-1.3B-T2V 30 Wan2.1-14B-T2V 30 Wan?2.2-14B-T2V

~ 34 28 28
g 32 26 26
T 30

ST 24 24
Z

22 22
26
20 20
g 18 18
22 16 16

800 1000 1200
Latency (s)

180 200 220 240 260 1000 1200 1400
Latency (s) Latency (s)

Figure 7. Quality-efficiency trade-off of SVOO.

moving the offline stage reduces efficiency, while removing
the online stage degrades quality, demonstrating that offline
profiling enables safe acceleration and online co-clustering
yields better-aligned blocks with just minor extra overhead.

5.4. Quality-Efficiency Trade-off Study

We study the quality-efficiency trade-off of our proposed
SVOO under different sparsity settings on a random subset
of VBench. As shown in Figure 7, although the genera-
tion quality gradually decreases as sparsity increases and
higher speedup is achieved, SVOO consistently maintains
strong performance across a wide range of sparsity levels,
demonstrating its robustness under aggressive acceleration.

5.5. Clustering Result Reuse Study

We analyze our co-clustering results to justify its reuse dur-
ing inference. As shown in Figure 8, the mutual-information
similarity of clustering results remains high across diffusion
steps, indicating stable block partitions. Such stability en-
ables reuse with recomputation every few steps and negligi-
ble quality loss, while substantially reducing the overhead.

5.6. Clustering Strategy Results Compare to SVG2

To analyze the importance of Q-K coupled block partition-
ing, we compare bidirectional co-clustering with the K-
means method used in SVG2. We evaluate effectiveness
using attention recall (details in Appendix B). As shown in
Figure 9, our proposed bidirectional co-clustering consis-
tently achieves higher recall, demonstrating the benefit of

Wan2.1-1.3B Wan2.1-14B Wan2.2-14B
1.0 1.0
o T ke VLAY v
Sos 0.8
‘g 07 0.7
& 06 0.6
05 —T—T—TT T T T T 71 05 T——T—TT T T T T 71

10 15 20 25 30 35 40 45 50
Diffusion Step

0 5 10 15 20 25 30 35 40
Layer

Figure 8. Analysis of clustering result across diffusion steps.

SVG2(K — means) @@ Our Proposed SVO?(Co — clustering)

-
o
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Total: 92.50%
(+2.60%)

89.90% YA

Total: 90.98%
(+2.47%)

88.51% YA HD

©
ol

Total: 84.29%
(+4.51%)

79.78% V%

wan2.1-1.3B

oo
(3]

Attention Recall (%)
[e=] o
(=] o

~
&2l

wan2.1-14B wan2.2-14B

Figure 9. Attention recall comparison between SVOO and SVG2.

Q-K coupling over the independent Q-K block partitioning.

Further analyses of reuse steps, block numbers, and offline-
stage computational overhead are provided in Appendix B.

6. Conclusion

We presented SVOO, a novel training-free sparse attention
framework tailored for fast diffusion-based video generation
that explicitly addresses two key limitations of prior meth-
ods: ignoring layer-wise heterogeneity in attention prun-
ing and ignoring Q-K coupling in block partitioning. Our
proposed SVOO address these limitations via a two-stage
paradigm: (1) profiling layer-wise pruning tolerance offline
to derive a reliable sparsity schedule, and (2) performing
online bidirectional co-clustering to construct Q-K coupled,
well-aligned blocks for more effective block-wise sparse at-
tention. Extensive experiments on seven widely used video
generation models demonstrate that our proposed SVOO
consistently achieves a superior quality-efficiency trade-off.
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A. Proof.
A.1. Proof of Theorem 4.2

Here we first restate Theorem 4.2:

Theorem A.1 (Layer-wise Sparsity Stability). Consider a well-trained transformer layer and denote by V (X) the average
row-wise variance of the pre-softmax attention logits produced by this layer for input X € R™ 4. Under Assumption 4.1,
for any two independent inputs X, X € R"*? of equal token length, it holds with probability at least 1 — §:

V(X) - V(X)]
. d||1;4||% o R < log(d/9) 1og<d/6>> | @®)

where C > 0 is an absolute constant, Ml £ WQWII with Wq, Wk € R4 gre the query and key projection matrices of
this layer, and d' is the attention head dimension.

Proof. Attention Calculation. Consider a transformer layer with input tensor X € R™*¢, where n denotes the number of
tokens and d the hidden dimension. Let Wq, Wx € R4*? be the projection matrices for queries and keys, respectively.
The projected features are:

Q = XW, € R K = XWy € R™*? )
The unnormalized scaled dot-product attention score matrix is then given by:
1 1
A= QK™ = —XWoW /X', (10)

vd vd
where the second equality follows by substituting the definitions of Q and K and rearranging the matrix products.

Variance Calculation. For the i-th row of the attention matrix A, we have:

1
A;. = ﬁX“WQWEXT, (11)

Let u; denote the mean of the ¢-th attention row, defined as:
1
pi=— D Aig (12)
The variance of A; . the given by:
1 n
Var(A;.) = = ) (Ai. —p)?
ar(An) = > (Aw — )
j=1
L= a2 2
= n Z(Ai,j = 2ui Ay + ,U'i)
j=1
=D AL 2D A+ ul (13)
j=1 j=1 j=1
1 n
== AL -2
j=1
— 1 zn:AZ 2
n i, H
j=1
We first compute the first term Z?Zl Ai ;- By definition,

ZA?J = ||Ai>:||g = Ai,:Az—‘l,—:- (14)
j=1

11
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Substituting A; . = ﬁXL:WQWIZXT yields

A Al = %XL;WQWIT(XTXWKW(EXI, (15)
For notational simplicity, define
M 2 WoWy. (16)
Then we can write
ZA X MX'XM'X]. (17)

Next, we compute the second term p2. By definition, the mean of the ¢-th attention row is given by
1 n
-~ Z A

J=1

Tew 1
= — /—:(L:“Q“T:{T-
" ]; dl " "

Hi

1 I (18)
\/EX WoW EZXJ.T:
1
\FXZ’ WoWip',
1
= —=X; Mp'
Ja
where p € R1*? denotes the mean token representation,
LT
p=-1X. (19)
n
Thus, combining Eq. (13), Eq. (18), and Eq. (17), we obtain:
V(A = 13 A
T(Ag,:) = —
a i n 2
—1(1 X, MX'XM'X/) - (LX- Mp')?
- n\d i, \/(? i, VL (20)
11
= Ed X, MX'XM'X/ — EXL My pM X/,
— EXZ»,:M(EXTX —p p)MTX]

We now relate the above expression to the covariance matrix of the input representations. The sample covariance matrix 3

of X is defined as: L
= (X -1 (X - 1p)

1
= X" X-p"1™X-XT1p+p"1T1p
n
1
= EXTX —p'np—npTp+p 1T 1
L @1
= XX —np'p—np'p+npp
1
= —(XTX —np"p)
1
= -X'X-p'p,

12
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where 1 € R™ denotes the all-ones vector and pt = %LITX is the mean token representation. Substituting this definition into
Eq. (20), we can rewrite the attention variance as:

1
T

1
T

1
Var(A;..) X M(=X"X — p"p)M'X]|
" (22)

X; MM X/

Since the softmax normalization is applied independently to each row of the attention score matrix A, the sparsity of
attention can be characterized by the variability within each attention row. We therefore consider the average row-wise
variance,

E[Var(A;,)] £~ 3" Var(A,,), @3)
=1

which serves as a proxy for attention sparsity. Substituting the expression derived above yields

n

E[Var(A;.)] = % > (;, XL:MEMTXZ) : (24)

=1

Next, we rewrite the summation in a compact trace form. Let B £ MXM ' € R¥¢, Then,

1 n 1 n
= Z X, BX], = - Z tr(X;, . BX/)

i=1 =1

1 & -
- ;tr(BXL:XZ—,:)

(25)
1 n
=tr(B- =) X/ X,.
Lo
=tr|B--X'X],
n
where we used )i, XI:XL: =XTX.
Therefore,
1 1
E[Var(A;,)] = = tr <MEMT : XTX) : (26)
n
Finally, using the identity
1 1
> = EXTX —p'p = EXTX =X +u'p, (27)
we obtain
1
E[Var(A;,)] = = tr(MEM" (Z+p"p)). (28)

Setup. Let X,)A( € R"*4 be two independent samples. Denote rows by x; = X;. € R4 and X; = )A(L € Rx4,
Define the sample means

1 n R 1 n .
uéﬁzgxieﬂ%“d, HéEZ;XiERle, (29)

and the (row-wise) sample covariance matrices

n

1 N
DR - d (xi —p) " (x; — p) € R™Y, I - > (% — )" (% — ) € R (30)
i=1 =1

13



Submission and Formatting Instructions for ICML 2026: Attention Sparsity is Input-Stable

Recall M £ W W and define
GEM'M=0, |G = M]3

As shown previously, the average row-wise variance of attention logits (pre-softmax) equals
ZVar == tr(MzMT (Z+uTw)).

Using the cyclic property of trace,

V(X) = %tr(GZ(E—Fu W), VX = u(CS®+am).

Step 1: Deterministic bound on |V (X) — V(X)|. LetAx 2% —Sand A, 2 p — fi. Start from the difference:

V(X)-V(X) = %tr(GE(ZH—u w) — Gi(iﬂfﬁ))

%tr(G (BE T - SE+a" A,
Now decompose the bracket term by adding and subtracting 2(2 +u'p):
SE+p'p)-S(E+4 G
—(EE+uTw) - SE W)+ (BE T - SE+ i)
—As(Sp )+ (B -2)+ (uTp- i)
=As(E+pTp) +EAs + S p - o R).
Plugging (35) into (34) and using triangle inequality gives
V) - VE)| < (|t (GAs(S+ T w)| + | r (G S Ag)|

+|tr (G2 u—a"R)) !)-
Next we upper bound each trace term. We use the inequality
[tr(UV)] < [[Ull2 [ V],

and the sub-multiplicativity of nuclear norm:

[AB|. < [[Al2[Bl., B« <d|Bl2.
Applying (37) to each term in (36) gives

~ ~ ~ T
V) V)| < Z1G (1858 + 67wl + 15 Asll. + S5 — 3.
M S S AT~
= IME (A + w7 W)l + 18 Asl + (50 =7 D).

Using (38), we further obtain an operator-norm-only bound:

V(X) - V(X))

| < IMI3 .
=2 (185l 12+ 1T ple + [z [ Al + 12l 11" - &7 )

dIIMllz
d

IN

14

(185l 12+ 1T plla + 180 [As ]2 + [Sla 1171 — 27 Al2)-

€1V

(32)

(33)

(34)

(35)

(36)

(37)

(38)

(39)

(40)
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Finally we bound the rank-one difference term. Note that
~T ~ ~ ~T ~
plp—pp=p-n)"ptn (n-n),
so by the triangle inequality and ||a b||z = ||al||/b||2 for rank-one outer products,

T~ —~ ~T ~
' p—5 ale < [(w—0)"ple+ 16 (k-5

= [1Aull2 lleellz2 + K]l 1A, ]2
= (leellz + lEll2) [Al2-

Combining (40) and (42) yields a fully deterministic bound:

> d||M]||3

(HAsz 1=+ il + 1302 [1As ]2 + 1]z (leellz + [17]12) IIAqu)-

Here we restate the Assumption.

(41)

(42)

(43)

Assumption A.2 (Bounded Token Representations). Consider a transformer layer and let its input be X € R"*¢, whose
rows are token representations x; € R'*9, Assume {x;}7_, are from a distribution on R? with population mean 1, = E[x]

and covariance 3, £ E [(x — p,) " (x — p,)]. We assume that there exists a constant R > 0 such that:

Ix[l2 < R.

Step 2: High-probability bounds under bounded layer inputs.

Assume Assumption 4.1 holds, i.e., [|x[|2 < R almost surely. Let p, £ E[x] and , £ E[(x — p,) T (x — p,)].

Step 2.1: Basic consequences of bounded inputs. By Jensen’s inequality,
ez = [[EX]ll2 < Efx][2 < R.

Moreover, for any unit vector u € R4,

u'Su=E[(u'(x—p))?] <Elx—pl5 < (X2 + 1.2 < (2R)?,
hence
1812 < 4R2.

Step 2.2: Concentration of the sample mean. Define the sample mean

n n
K= n X4, K= Xi-
i=1 =1

Letz; £ x; — p, andZ; £ X; — p,. Then

M*M*:%Zzi, ﬁ*m:%ZEi-
i=1 ;

S|

Since ||x;]]2 < R and (45) holds,

il = [[xi — pyll2 < [Ixill2 + [l < 2R as.,

and the same bound holds for z;.
By the vector Hoeffding inequality, for any § € (0, 1), with probability at least 1 — 4,

2log(2/6 N 2log(2/6
o=l < 2y 2By, < oy 2ROER0)

Consequently, on the same event,
21og(2/0)

18l =l Bl < ary | 220
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Step 2.3: Concentration of the sample covariance. Define the sample covariance matrix

1 n
x££ - Z;(XL —p) " (xi — ),
and define the oracle covariance
~ 1 &
B2 oY - ) (- ).
i=1

Using x; — p = (x; — ) — (0 — p,), one checks that
=3 (n—p) (n—pm). (51)

Let

Then

Since ||x; — p, |2 < 2R,
1Yilla < llxi — mll5 + [Zell2 < 4R? + 4R? = 8R?.

Moreover,

<n-(8R*)? = 64nR*.

> B[]

Applying the matrix Bernstein inequality yields that, with probability at least 1 — 4,

2

=~ log(2d/6 log(2d/é
|m&mgaﬁ< %(/)+%(/v, (52)
n n
for an absolute constant C; > 0.
Combining (51), (49), and (52), we conclude that, with probability at least 1 — 9,
log(2d/6 log(2d/6
HE&MSC&#( 08(2d/0) | log{ /v, (53)
n n
for an absolute constant Cs > 0. The same bound holds for s
Finally, by the triangle inequality,
log(2d/6 log(2d/é
HMMS@W< g/)+g%/», (54)

for an absolute constant C'3 > 0.
Step 3: Plug-in and conclude the bound.

Recall the deterministic inequality from Step 1:

S d||M]||3

(HAsz 1=+ 1T pllz + 122 1A ]2 + [Z]2 (lull2 + [17ll2) IIAqu) (55)
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Step 3.1: Define the high-probability event. From Step 2, the bounds (50) and (54) each hold with probability at least
1 — 6/2 (by replacing 0 with 6/2 in Step 2). Let £ denote the intersection of these two events:

s {||Au||2 < 4R 210%54/5)} n {|Ag||2 < C3R? ( log(4d/9) | log(4d/6)> } . (56)

n n

By the union bound, P(£) > 1 — ¢. In the remainder of this step, we work on the event £.

Step 3.2: Deterministic bounds on || |2, || ]2, [|2]]2, and ||f]||2 Under Assumption 4.1, we have ||x;||2 < R and
IX;|l2 < R almost surely.

(a) Bound on sample means. By triangle inequality and convexity,

1 n
[[aell2 = anxi <
1=1 2

1 n R 1 n R
~ il <R (Al < S Y[Rl < R (57)
=1 =1

Consequently,
lellz + l[Ell2 < 2R. (58)

(b) Bound on sample covariances. For each ¢, by (57) we have
% — pll2 < [[x3ll2 + [[mll2 < R+ R =2R. (59)

Therefore,

1 n 1 n
|32 = ﬁz SEZH(Xi—N)T(Xi—IJJ)HQ
=1 1=1
1 - 1 & ) 9
- Z Ixi — pll5 < 52(23) = 4R%. (60)
=1 =1
The same argument gives
12]|2 < 4R>. (61)

Step 3.3: Bound ||X + " puf|2.  Using the triangle inequality and (57), (60),

1=+ uplls < [Zle + I plle = 122 + [|ul < 4R* + R? = 5R%. (62)
Step 3.4: Substitute bounds into (55). Plugging (62), (61), and (58) into (55) yields

V(X) - V(X))

\ /\

- d M
|| [ (||A ll2 - 5R2 + (4R?) - || As |2 + (4R?) - (2R) - ||A#H2)

d”M”z

_ 2 3
= S (R [ Aslls + 8B [A,l2) (63)

Step 3.5: Use the concentration bounds from Step 2. On the event £ in (56), substitute the bounds for ||Ax||2 and
A, |2 into (63). This gives, with probability at least 1 — 4,

VX) - V(®)| < LIMIE 932.0332< log(4d/5) +1og(4d/5)> \ SR 4R zlc)g(z;/(s)]
- n n n
_AIMIEf g ( 1°g<id/5>+1°g<id/5>>+3mR4 lgf/é)]
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Finally, since log(4/6) < log(4d/¢) for d > 1, the last term in (64) can be absorbed into the /log(4d/d) /n term. Therefore,
there exists an absolute constant C' > 0 such that, with probability at least 1 — 6,

V) - v(R)| < UM ¢ s < log(4d/0) log<4d/6>> . o)

d n n

Absorbing constant factors inside the logarithm (i.e., replacing log(4d/d) by log(d/d)) yields the bound stated in Theo-
rem 4.2.

O

B. Experiment Details and Additional Analysis
B.1. Experiment Details and Additional Results of Figure 2

[ Input 1 == Input 2 Input3 == Input4 Input 5]
wan2.2-A14B-12V hunyuanvideo-12V
1.0 1.0
0.8 A\ /| 08
2 0.6 0.6 \
@ |
I
L A
A 0.4 0.4 \
12
0.2 4 0.2 1 A R
pw__ AWV
0.0 1= T T . A 0.0 T — T
0 10 20 30 40 0 20 40 60
Layer Idx Layer Idx

Figure 10. Additional layer-wise attention sparsity across different models.

[ Input 1 =o-Input 2 Input3 == Input4 Input 5]
wan2.1-14B-T2V wan2.1-14B-12V wan2.2-A14B-T2V
1.0 1.0 1.0
.0 7 -0 1 -0 A
5 08 | o038 - 0.8 _—
2 0.5 0.5 0.5 1
&)
a
0.2 1 0.2 1 0.2 1
0.0 - T T 0.0 - T T T T 0.0 - T T T T
0 20 40 0 10 20 30 40 0 10 20 30 40
Step Step Step
wan2.2-A14B-12V hunyuanvideo-T2V hunyuanvideo-I2V
1.0 1.0 1.0
0.8 0.8 0.8
.:"E’ —
é 0.5 1 0.5 1 0.5 1
a
0.2 1 0.2 1 0.2 1
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Figure 11. Layer attention sparsity across different steps of representative models.

We conduct the experiments in Figure 2 to analyze layer-wise heterogeneity and layer-wise stability of attention sparsity
in video diffusion transformers. Specifically, we randomly sample a small set of inputs from VBench (Huang et al., 2024)
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for text-to-video models and from VBench++ (Zheng et al., 2025) for image-to-video models. Experiments are performed at
resolutions 720p, corresponding to 720 x 1280. For Wan-series models, videos contain 81 frames, while HunyuanVideo-
series models use 129 frames. For each layer, we measure the attention density, defined as the minimum fraction of
attention entries required to cover 80% of the cumulative attention mass. We evaluate models including Wan2.1-T2V-1.3B,
Wan2.1-T2V-14B, Wan2.1-12V-14B, Wan2.2-T2V-A14B, Wan2.2-12V-A14B, HunyuanVideo-T2V, and HunyuanVideo-12V.
Figure 2 reports some attention density. Results for the remaining models are provided in Figure 10, and the attention
density across different diffusion steps of layers is reported in Figure 11. We observe that the attention sparsity of a specific
layer is minimally influenced by varying inputs, suggesting that sparsity is an intrinsic property inherent in the model.
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