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Abstract. Diffusion Transformers (DiTs) have become a leading back-
bone for video generation, yet their quadratic attention cost remains a
major bottleneck. Sparse attention reduces this cost by computing only a
subset of attention blocks. However, prior methods often either drop the
remaining blocks which incurs information loss, or rely on learned predic-
tors to approximate them, introducing training overhead and potential
output distribution shifting. In this paper, we show that the missing
contributions can be recovered without training: after semantic cluster-
ing, keys and values within each block exhibit strong similarity and can
be well summarized by a small set of cluster centroids. Based on this
observation, we introduce SVG-EAR, a parameter-free linear compensa-
tion branch that uses the centroid to approximate skipped blocks and
recover their contributions. While centroid compensation is accurate for
most blocks, it can fail on a small subset. Standard sparsification typi-
cally selects blocks by attention scores, which indicate where the model
places its attention mass, but not where the approximation error would
be largest. SVG-EAR therefore performs error-aware routing: a lightweight
probe estimates the compensation error for each block, and we compute
exactly the blocks with the highest error-to-cost ratio while compensating
for skipped blocks. We provide theoretical guarantees that relate atten-
tion reconstruction error to clustering quality, and empirically show that
SVG-EAR improves the quality-efficiency trade-off and increases through-
put at the same generation fidelity on video diffusion tasks. Overall,
SVG-EAR establishes a clear Pareto frontier over prior approaches, achiev-
ing up to 1.77x and 1.93x speedups while maintaining PSNRs of up to
29.759 and 31.043 on Wan2.2 and HunyuanVideo, respectively.
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1 Introduction

Diffusion transformers (DiTs) have become a dominant paradigm for high-fidelity
image and video generation [25]/45]. However, in video generation settings, the
token sequence length grows rapidly with resolution and frame count, while the
quadratic cost of attention quickly becomes a primary bottleneck. As a result,
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Fig. 1: SVG-EAR significantly accelerates video generation for Wan2.2 and Hunyuan-
Video. On a single NVIDIA H100 GPU, achieving 1.81x and 1.93x speedups with 26
and 30 PSNR, respectively.

accelerating attention without noticeable quality degradation is increasingly crit-
ical for long-form and high-resolution video diffusion .

A large body of work tackles this bottleneck via sparse attention. A partic-
ularly practical family exploits structured redundancy in attention maps: tokens
are semantically clustered and permuted so that similar tokens become con-
tiguous in memory, turning the attention matrix into a block structure over
query clusters and key clusters. Then, only a subset of query—key blocks are
computed exactly (block-sparse), while the rest are ignored or approximated,
yielding hardware-friendly sparsity patterns and substantial speedups . This
“cluster—permute-route” pipeline is appealing in video DiTs because it aligns
well with efficient kernels and preserves important structure.

Despite these advances, existing methods face a fundamental tension in block
selection and the treatment of unselected blocks. Many approaches select blocks
by approximated attention scores (e.g., top-k/top-p) and drop low-score blocks
entirely. While intuitive, low-score blocks can still collectively carry important
global context (e.g., background consistency, long-range semantic coupling, and
weak but numerous dependencies). Consequently, naively discarding low-score
blocks incurs non-trivial information loss and can manifest as perceptible quality
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degradation in video generation. Recent works such as SLA [63] and SLA2 [64]
address this by pairing sparse exact attention with a learned linear branch that
approximates the contributions of dropped blocks, recovering much of the lost
context. However, this approach introduces additional trainable parameters and
requires fine-tuning, limiting its plug-and-play applicability and sacrificing the
fidelity.

A natural solution is to avoid pure dropping by leveraging the high within-
block similarity revealed by clustering. For blocks that are not selected for exact
computation, one can apply a parameter-free linear compensation using cen-
troids: replace queries and keys within a cluster with their centroid and approx-
imate the contribution of an entire block with a shared interaction. This branch
requires no training and no additional parameters, and it mitigates information
loss from dropped blocks.

However, linear compensation alone does not resolve the core issue. Crucially,
once a compensation branch exists, conventional score-based routing becomes
misaligned with the objective of controlling the final approximation error. A
high-score block may be highly coherent within the cluster and thus well ap-
proximated by its centroid, making exact computation unnecessary. Conversely,
a low-score block can contain diverse key-value interactions where centroid-based
compensation induces substantial error. Therefore, under a fixed compute bud-
get, the goal should not be to preserve the highest-score blocks, but to minimize
the reconstruction error between full attention and its compensated counterpart,
allocating exact computation to the blocks where compensation fails.

Motivated by this insight, we propose SVG-EAR, a sparse attention method
that combines parameter-free linear compensation with error-aware routing.
SVG-EAR first clusters queries and keys to form a block structure based on simi-
larity. It then computes exact attention for a subset of blocks under the density
budget assigned by users, and approximates the remaining blocks using linear
compensation with key/value cluster centroids. Unlike prior score-based selec-
tion, SVG-EAR estimates the compensation error of each block using a lightweight
probing procedure and greedily selects blocks with the highest error-to-cost ratio
(i.e., the predicted compensation error normalized by the block size) under a den-
sity budget. To make routing practical at inference time, we exploit intra-cluster
similarity and use query centroids as proxies for individual queries, reducing the
estimation cost from quadratic O(NyNyd) to near-linear O(CyNyd). We further
implement a fused, streaming kernel to avoid materializing intermediate logits
and to keep the routing overhead negligible in practice.

We validate the proposed design both theoretically and empirically. On the
theory side, we provide an upper bound that relates the true attention-map error
to our estimated error, characterizing its dependence on clustering quality and
sequence length. On the empirical side, SVG-EAR achieves a superior error—-density
trade-off on video generation: at the same density, it reduces attention recon-
struction error and improves generation quality, and at the same quality target
it operates at lower density and delivers higher throughput (see . Specifically,
SVG-EAR establishes a clear Pareto frontier over prior approaches [51}[54}/67],
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reaching up to 1.77x and 1.93x speedups while maintaining PSNRs of up to
29.759 (Wan2.2 [45]) and 31.043 (HunyuanVideo [25]), respectively. Overall, our
results suggest that when compensation is available, the key to high-fidelity
sparse attention is not “selecting high-score blocks”, but identifying where com-
pensation breaks and prioritizing those blocks for exact computation.

We summarize our key contributions as follows:

1. We identify two fundamental misalignments in score-based sparse attention:
(i) naively dropping low-attention-score blocks can cause substantial infor-
mation loss; and (ii) once an approximation/compensation branch is intro-
duced, block selection should not prioritize high-score blocks, but instead
prioritize blocks that would otherwise incur large approximation error.

2. We prototype and implement a compensation-and-routing sparse attention
mechanism: a parameter-free linear compensation branch that recovers con-
tributions from uncomputed blocks via cluster means, and an error-aware
routing strategy that, under a fixed budget, identifies and computes the
blocks with the largest induced error, yielding a markedly improved error—
density trade-off.

3. We further translate the design into an end-to-end system with efficient ker-
nels and execution flow that keep the overhead negligible in practice, deliver-
ing substantial and consistent speedups on real video generation workloads
while maintaining generation fidelity.

2 Related Work

Sparse Attention for Video Generation. Sparse attention is a leading di-
rection for accelerating video Diffusion Transformers [62| because 3D spatiotem-
poral self-attention scales quadratically with the huge token sequence length.
Sparse attention mechanisms for video generation can be roughly divided into
static and dynamic approaches, based on whether the sparsity pattern is fixed
offline or determined online at inference time. Static approaches typically ex-
ploit recurring structural patterns |7}231/301/51,/58,/70]. Dynamic approaches infer
masks or critical-token sets per sample and timestep, commonly introducing
an identification/proxy-scoring step whose overhead is usually designed to be
negligible |4}/5}26}29,/361[43}|47./52}/54,/67]. Beyond training-free methods, newer
“trainable sparse attention” lines push sparsity higher with fine-tuning and ad-
ditional branch compensation [1,32}49./6163,/64L/69].

Linear Attention for Diffusion Models. Linear attention and state-space
alternatives are important for video diffusion because quadratic attention quickly
dominates latency and memory as spatiotemporal token counts grow. Repre-
sentative families can be grouped into kernelized linear attention [6], state-
space/SSM-centered designs that use structured recurrence for global mixing |16}
17,146], and hybrid local-global designs that explicitly balance a cheap linear
surrogate with selective higher-fidelity pathways [13,/63]. Though these meth-
ods enable predictable memory scaling and improved feasibility of long-context
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Fig. 2: Existing methods and top-p selection fall short: dropping "low-score” blocks and
error-unaware block selection degrade the error—density trade-off. (a) Original attention
map. (b) Permuted map after semantic-aware clustering. (c) Ignoring low-score blocks
causes a large, sparse attention error. (d) Linear compensation with cluster means still
yields high error due to naive top-p selection. (e) Our method improves both error and
density by routing based on the gap between full computation and compensation.

generation under fixed budgets, they still suffer from low quality and long-term
dependencies.

Other Optimization Techniques. Cache-based acceleration exploits redun-
dancy across denoising steps or between conditional /unconditional branches in
classifier-free guidance E[, Parallelization becomes essential when
targeting deployment-scale throughput or higher resolutions
. Quantization reduces memory bandwidth and leverages low-precision ten-
sor cores to accelerate further the linear module or attention mod-
ule . Distillation and few-step sampling compress long diffusion

trajectories into a small number of steps, usually leading to more than 10x

speedup .

Autoregressive and Streaming Video Generation. Autoregressive (stream-
ing) video diffusion generates frames (or chunks) sequentially and enables effi-
cient KV caching, usually accompanied by unbounded temporal horizons and
interactive control. CausVid and Self-Forcing exemplify this shift by con-
verting bidirectional video diffusion into causal generation that better matches
interactive inference and is consolidated through further algorithmic innovations
to mitigate anti-drifting . World Models objec-
tives overlap with streaming video generation but extend it toward closed-loop
simulation, where an agent or user can intervene at each step.
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3 Motivation

3.1 Structured Redundancy in Attention Computation

Previous works exploit the inherent sparsity in attentions to accelerate DiTs |51}
541/67./70]. We first cluster semantically similar tokens and permute them so that
tokens within each cluster are laid out contiguously. This allows the attention
map to be partitioned into blocks that often exhibit high inner-block similarity.
As shown in Fig. [2[ (¢), the existing methods then select a subset of these blocks
for exact attention ranked by their approximated attention scores, while simply
ignoring the low score blocks. However, this approach can lead to significant
information loss, as the ignored blocks can also contain important contextual
information, and the limited budget may not allow for their inclusion.

Fortunately, the similarities within each block naturally provide an oppor-
tunity to efficiently approximate the skipped blocks’ contributions without any
training and additional parameters. As shown in Fig. [2| (d), a simple strategy
here is to use the mean of the remaining blocks in each cluster to fill in the gaps
left by the ignored blocks. Given a block to compensate, suppose the mean of the
key-value tokens is k. The attention logits for all entries in the block interacted
with a query ¢; can be then computed as ¢;k” / V/d, where d is the dimensionality
of the token vectors.

3.2 Existing Block Selection Fails to Control Output Error

While linear compensation improves the error—density trade-off, its effective-
ness ultimately depends on how the blocks are selected. Existing block selection
strategies are score-based and thus misaligned with the objective of controlling
the final output error when linear compensation is introduced. For example,
a block with high attention scores may exhibit strong inner-block similarity,
making it well suited for linear compensation. In contrast, a block with low
attention scores can contain diverse key—value interactions, where linear com-
pensation induces substantial approximation error. To maximize fidelity under
a fixed compute budget, the goal should be to minimize the reconstruction er-
ror of the attention map. As shown in Fig. [2[ (), our proposed approach routes
computation based on the gap between the full attention map and its linearly
compensated counterpart. As a result, by directly optimizing an error-aware ob-
jective and prioritizing the blocks that contribute most to the reconstruction
error, we achieve a superior error—density trade-off, as detailed below.

4 Methodology

In this section, we first formulate the problem based on our parameter-free lin-
ear compensation. We then introduce SVG-EAR, an error-aware routing method
with theoretical guarantees and low overhead. Our key insight is that the error
between the full attention map and its linearly compensated counterpart can
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(a) Permuted attention map (b) Block error estimation (¢) Error-to-size ratio map

Fig. 3: Overview of SVG-EAR (a) The attention map after semantic-aware clustering.
(b) Block error estimation. Using the cluster mean as a proxy for individual queries,
the block error is computed via the sum of squared differences between exponentiated
logits of individual keys k; and the key mean k, then normalized by the block area
to determine the error-to-size ratio. (¢) Blocks with the highest error-to-size ratio are
greedily selected for exact attention within the budget, while the rest are assigned to
linear compensation.

be accurately estimated via a lightweight probing algorithm, which enables pre-
cise attention routing. We further show how the linear compensation leverages
value-cluster means to produce the final output efficiently. Finally, we implement
a fused kernel that estimates the error using a streaming update.

4.1 Problem Formulation

Given a transformer attention layer with query tokens @ € RNe*? and key tokens
K € RV+*4 We cluster Q and K using flash k-means , and obtain C; and Cj,
clusters, respectively. For each query ¢; and key k;, we use ¢; and Ej to denote
the mean token in the cluster that contains g; and k;, respectively. We denote
Q € RNex?d and K € RM+*? as the matrices of per-token cluster means for Q
and K, respectively; that is, the i-th row of Q equals g (the centroid of the
cluster containing ¢;), and similarly the j-th row of K equals l_fj.

Our core idea here is to approximate part of the attention computation lin-
early with cluster means. For a query ¢;, when approximating its interaction with
a cluster of keys k. = {k; }, we replace each key k; in the logit computation with
the corresponding cluster mean l;:j. This gives an approximate logit qil_ij / Vd,
which is shared across all keys within the same cluster.

We use a binary routing mask M € {0, 1}Ne*Nr for each query g;. If Mj@ =1,

we compute the interaction between ¢; and k; exactly. If M J@ = 0, we approxi-
mate it using the cluster mean. To match ML accelerator-friendly sparsity, where
the tokens in the same cluster will be permutated continuously and processed
together, the mask should be applied on the query-key block level: All queries
in the same cluster share the same mask. For a fixed query, all keys in the same
cluster share the same mask value. With this mask, we write the sparse attention
map as

T T
QK oM+ QK
Vd Vd

AWM — softmax (

sparse

© (1-M)) (1)
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Given a budget p (i.e., density), our goal is to find a mask M that minimizes
the mean squared error (MSE) between the full attention map and the sparse
attention map, subject to the constraint that the number of non-zero entries in
M is at most pINyNj. Formally, we formulate the optimization problem as:

min IAGQD e = Apnll 7 st | M[5 < pNgNi, (2)
where || - | denotes the Frobenius norm and Ag, = softmax (?7;) is the full

attention map.

4.2 Error-Aware Routing

Relaxed optimization problem. The above optimization problem is difficult
to solve efficiently at routing time because the softmax normalizer couples all
keys for each query, and Ag, and Aé{iﬁse use different normalization terms.
In particular, for any query, altering the routing decision for any single key
cluster changes the normalizer and thus changes the attention weights assigned
to all other keys. Consequently, selecting an optimal block-level mask cannot be
reduced to independent per-block choices; in the worst case it requires searching
over a combinatorial space of size up to O(2% “*), which is intractable.

To obtain a practical and block-separable proxy, we therefore relax the ob-
jective by focusing on the exponentiated logits as follows:

; gkt gik? o
min 1—M@ ex 1) — ex J s.t. M])% < pN,Ny. 3
22 (- M) (o)~ o) e I < oo )

Intuitively, this relaxation shifts the objective from finding a mask M that
minimizes the discrepancy between two normalized attention maps to minimiz-
ing the discrepancy between their unnormalized attention weights. Although
this relaxation may fail to identify masks whose near-optimality only emerges
after normalization, it still provides a useful proxy for routing decisions. This
is because, in our setting, the variation in the softmax normalizer is practically
limited for two reasons: (1) semantic clustering ensures that each k; is close to its
centroid Ej, reducing deviation in the logits; (2) the unmasked tokens typically
receive high attention scores, so they dominate the normalization term, thereby
limiting the impact of the remaining masked tokens on the normalizer.

Oracle solution. For the relaxed optimization problem, an oracle solution can
in principle be obtained by selecting the query—key blocks that incur the largest
squared errors under the budget constraint, which reduces to a tractable 0-1
knapsack problem. Specifically, let

9 qik] gk

eiyj:(eXp(\/g)_eXp(\/a)) (4)

denote the squared error for the entry (i,j). Each query-key block (g, k.) can
then be treated as an item in the knapsack formulation, where the value is given
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by > (i )e(aeke) €; j, and the weight corresponds to its size [qc||k.|. After that, the
problem can be solved using standard knapsack algorithms or well approximated
by greedy methods that select blocks in descending order of error-to-cost ratio
X (i€ (acike) i

AR until the budget is exhausted.

The oracle solution is fully error-aware; however, it is not practical. Comput-
ing the exact per-entry error requires evaluating the full attention logits for all
token pairs, which incurs the same O(N,Nyd) quadratic cost as full attention
itself. In other words, the oracle depends on precisely the information that sparse
attention is designed to avoid computing.

Error estimation. To achieve error-aware routing without incurring the pro-
hibitive cost of computing the exact error, we propose to estimate the error
using a lightweight probing algorithm. Again, we leverage the inherent similar-
ity within each query token cluster, which allows us to use the cluster mean as
a proxy for the individual queries in the error estimation. Specifically, we define
the following estimated error for each entry (7, j):

qik] ik}

2 = (ex L) —ex 2
ei,j*( p(\/&) p(\/g)) (5)

Because queries within the same cluster share a common estimated error, the
computational complexity reduces to O(CyNyd), which is negligible in practice
when an optimized kernel implementation is used.

We then use the estimated errors to determine whether each query—key block
is assigned to exact attention or linear compensation. Specifically, we first aggre-
gate the estimated errors within each block. We then greedily select the blocks
with the highest error-to-size ratio »_; e, x.) €?7j/|qc||kc| for exact attention
until the budget is exhausted, while assigning the remaining blocks to linear
compensation.

Proposition 4.1. Let §; = N%] > llei— |3 denote the average squared {5 error
between each query and its cluster mean, and let K,.x denote the mazimum fo
norm of the key tokens. Given any mask M that does not significantly perturb
the attention normalizers, we have:
1 - 2 N2 882KZ .
WHAE%)W—AMUH% < WZU—M]@) Ztg + ﬁ (6)

.3

, where Z; denotes the softmax normalizer for query i.

See Supplementary Material for the proof and the formal statement of the nor-
malizer stability assumption. The left-hand side is the true MSE on the attention
map, while the right-hand side consists of the estimated MSE (using é? ;) scaled

g *max

by a constant factor, plus a residual term. The residual s i
with the clustering error 53 and decreases inversely with the sequence length Ny.
Therefore, as clustering improves (i.e., (53 — 0) or the sequence length increases,
the bound becomes asymptotically tight, establishing that our error estimation
is both theoretically safe and quantitatively controllable.

scales linearly
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4.3 Linear Compensation

After determining the mask M, we compute the final attention output by com-
bining exact and approximated contributions. Let V' € RV+*? denote the value
tokens, which follow the same clustering assignment as K, and let V' € RNtxd
denote the matrix of mean value tokens, where each v; is the average of V' over
the key cluster containing v;. The sparse attention output is then given by:
00N — (A0D. & M)V + (ACD.. & (1 — M)V ™)

sparse sparse sparse

For blocks where M j@ = 1, the output is computed with the original values

V. For blocks where M J@ = 0, since all keys within the cluster share the same
approximate attention weight, the contribution of a key cluster k. reduces to
|ke| - AéﬁQse(z’, Jj) - ;. This significantly improves computational efficiency: for
a given query and masked block, we only need to compute a single logit using
the cluster mean k; and a single scalar—vector product with the mean value
v;. Hence, the overall time complexity of SVG-EAR’s attention computation is

reduced to O((Nqu + pNiNy) - d).
Moreover, since the linear compensation also considers the value tokens, we

can further improve the error estimation above by incorporating each v; and v;
into the analysis. A value-aware error estimation is thus given by:

By gik! gkt
= llexp (120, — exp (1)1 ®

which can be computed in the same complexity O(CyNd) as Equation |5| while
providing a practically more accurate estimation.

4.4 Efficient Kernel Implementation

The error estimation procedure is inherently memory I/O-bound, as naively ma-
terializing all logits requires repeatedly writing intermediate results to HBM. To
address this bottleneck, we design a custom kernel based on a streaming update
scheme. Specifically, instead of materializing all logits in HBM and computing
the squared errors afterward, we fuse these steps by expanding the squared terms
and maintaining the required running statistics on the fly. To ensure numerical
stability, we subtract the running maximum from the logits prior to exponenti-
ation. This design reduces HBM accesses to O(NCyd - S™1), where S denotes
the SRAM size, while incurring only a small constant-factor increase in FLOPs
within the same O(N,Cyd) complexity. For the linear compensation part, we
reuse SVG2’s |54] customized attention kernel that accepts dynamic block sizes
as inputs. See Supplementary Material for more implementation details.

5 Experiments

Models. We evaluate SVG-EAR on open-sourced state-of-the-art video gener-
ation models, including Wan2.2-12V/T2V-A14B [45|, and HunyuanVideo-T2V-
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Fig. 4: Visualization of attention maps from specific attention heads in Wan2.2 dur-
ing text-to-video generation. (a) Original attention maps with sparse patterns, us-
ing heatmaps to represent attention weights. (b) Permuted attention maps. Following
SVG2, we permute the attention maps such that attention begins to cluster into specific
blocks. (c) Applying SVG2’s top-p selection to these permuted attention maps, which
ignores the sparse attention mechanisms of the remaining blocks. (d) Applying our
Error-aware Routing and Mean Compensation mechanisms to the permuted attention
maps, achieving higher attention map similarity.

13B to generate videos with 720p resolution. After being tokenized by 3D-
VAE, Wan2.2 generates 21 frames with 3,600 tokens per frame, while Hunyuan-
Video processes 33 frames with 3,600 tokens per frame.

Metrics. We assess the similarity of the generated video compared to full at-
tention using the following metrics: Peak Signal-to-Noise Ratio (PSNR), Learned
Perceptual Image Patch Similarity (LPIPS), and Structural Similarity Index
Measure (SSIM). We use VBench to evaluate the video quality. To quantify
the efficiency of sparse attention mechanisms (i.e., computational budget), we
use density, which is defined as the sparse attention computation divided by the
full attention computation. To assess end-to-end efficiency, we test the Speedup
Ratio, which is calculated as the inference time of the full attention divided by
the inference time of the sparse attention.

Datasets. For text-to-video generation, we adopt the prompt in Penguin Bench-
mark after prompt optimization provided by the VBench team. For image-to-
video generation, we adopt the prompt-image pairs provided by VBench with
prompt enhancement. We evaluate the video quality on a subset of 50 samples
randomly selected from text-to-video and image-to-video datasets, respectively.
Baselines. We compare SVG-EAR against state-of-the-art sparse attention al-
gorithms, including static method Sparse VideoGen (SVG) [51], and dynamic
methods Sparse VideoGen 2 (SVG2) [54] and SpargeAttention [67]. We do not
include SLA because it requires extra training, which makes similarity
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Table 1: Quality and efficiency benchmarking results of SVG-EAR and baselines, where
the best results are highlighted, and the second-best results are underlined.

Config ‘PSNRT SSIM?T LPIPS| ImgQualf SubConsT‘DensityL FLOP| Speedupt
Wan 2.2 14B, 720P, 12V ‘ - - - 0.704 0.960 ‘ 100%  658.46 PFLOPS 1x
SpargeAttn 27.140 0.883  0.116 0.703 0.958 30.15% 396.83 PFLOPS  1.58x
SVG 25.297 0.844  0.139 0.703 0.958 30.25% 397.20 PFLOPS  1.58x
SVG2 27.668 0.888  0.117 0.701 0.958 29.38% 393.95 PFLOPS  1.61x
SVG-EAR 29.759 0.918 0.093 0.704 0.959 23.64% 378.88 PFLOPS  1.61x
SVG-EAR-Turbo 28.344 0.900 0.108 0.702 0.958 20.42% 363.85 PFLOPS 1.77x
Wan 2.2 14B, 720P, T2V - - - 0.706 0.916 100%  658.46 PFLOPS 1x
SpargeAttn 20.872 0.708  0.242 0.708 0.916 30.15% 396.83 PFLOPS  1.58x
SVG 19.455 0.654  0.292 0.712 0.912 30.25% 397.20 PFLOPS  1.59x
SVG2 23.556  0.802  0.183 0.705 0.914 32.30% 404.88 PFLOPS  1.57x
SVG-EAR 24.995 0.841 0.153 0.706 0.915 25.95% 387.53 PFLOPS  1.59x
SVG-EAR-Turbo 23.940 0.814 0.174 0.705 0.915 22.25% 370.71 PFLOPS 1.75x
Hunyuan 13B, 720P, T2V - - - 0.665 0.904 100%  612.38 PFLOPS 1x
SpargeAttn 24.589 0.796  0.232 0.629 0.908 40.09% 389.76 PFLOPS  1.38x
SVG 27.325 0.880  0.140 0.665 0.905 29.92% 351.97 PFLOPS  1.57x
SVG2 29.445 0911 0.112 0.654 0.901 26.21% 299.02 PFLOPS  1.89x
SVG-EAR 31.043 0.928 0.092 0.659 0.903 22.17% 281.86 PFLOPS  1.93x

metrics not comparable. We provide the details of each method in Supplementary
Material.

Implementation. We implement SVG-EAR on top of SVG2 [54], inheriting its
budget allocation strategy and default hyperparameters. Since SVG2 assigns an
adaptive compute budget to each query cluster, our routing algorithm operates at
the granularity of individual query clusters accordingly. By reducing the number
of centroids and the density budgets, we developed SVG-EAR-turbo that matches
the efficiency of SVG2-turbo while consistently outperforming SVG2 in quality.

5.1 Quality Evaluation

We present the attention maps of specific heads during the generation process of
Wan2.2 Text-to-Video on prompts from VBench, exhibiting various sparse pat-
terns as shown in Fig. [d] Compared to the original top-p selection, our method
covers a broader range and allocates attention to marginal tokens with relatively
small attention weights. The attention maps generated by our method are more
similar to the permuted maps, particularly in cases where the attention weight
distribution is relatively uniform. In addition, we empirically validate the nor-
malizer stability assumption by replacing dense attention with SVG-EAR, which
leads to only a 4.18% average relative change in the softmax normalizer.



SVG-EAR 13

58 Clustering/Permutation [0 Others [ Attention Torch Implementation . Ours
[0 Error-aware routing/Compensation [ Linear

DENSE 11

104

; 13.74x
sva2 12.9‘?‘n s e

6.5% £ 5.69% dense
, A - | | '
OURS128% 1 19.0% . . .

Time (s)

0 200 400 600 800 1000 1200 1400 1600 (100, 300) (200, 500) (300, 1000)
Time (s) (# of Q Cluster, # of K Cluster)
(a) Generation latency breakdown (b) Efficiency of Custom Kernels

Fig. 5: Efficiency evaluation. (a) illustrates the latency breakdown of different compo-
nents during a single complete inference process of Wan2.2 T2V 720p, compared with
the vanilla implementation and SVG2. (b) presents an end-to-end latency comparison
between our efficient Triton implementation and the native PyTorch version.

The quantitative results summarized in Table [I] demonstrate that SVG-EAR
consistently outperforms all baselines across PSNR, LPIPS, and SSIM, while
simultaneously achieving the highest speedup. Specifically, SVG-EAR achieves an
average PSNR of 24.995 on Wan2.2 T2V and 31.043 on HunyuanVideo. Fur-
thermore, compared to the existing SOTA SVG2 , SVG-EAR establishes a new
Pareto frontier, representing a superior trade-off between generation quality and
inference efficiency. For a more comprehensive evaluation, see Supplementary
Material. Moreover, for reference-free metrics, we present representative VBench
metrics in Table[I] while the comprehensive evaluation is detailed in Supplemen-
tary Material.

5.2 Efficiency Evaluation

End-to-end speedup evaluation. We evaluate the efficiency of SVG-EAR by
measuring the end-to-end inference time speedup compared to full attention and
total FLOPS, as shown in Table [} SVG-EAR achieves a speedup of 1.59x on
Wan2.2 T2V and 1.93x on HunyuanVideo, higher than all baselines. Notably,
SVG-EAR-turbo achieves a speedup of 1.75x on Wan2.2 T2V, while maintaining
superior quality compared to all baselines.

Kernel efficiency evaluation. We evaluated the computational overhead of
our method. As shown in Fig. |5 (a), our approach accounts for 6.5% of the to-
tal end-to-end latency during Wan2.2 text-to-video (720p) inference. While the
latency reduction is minor, the results are noticeably better in visual fidelity
and overall quality. The efficiency is driven by our custom Triton kernel, which
achieves up to a 13.74x speedup compared to the original PyTorch implemen-
tation as shown in Fig. 5| (b). This allows our method to enhance generation
quality while maintaining a high inference speed.
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Fig. 6: Error Analysis. (a) Comparison of attention MSE versus density (i.e., number
of sparse computation normalized by total computation) for top-p selection, top-p se-
lection with linear compensation, and error-aware routing with linear compensation.
(b) Both the clustering error d; (solid black line) and attention MSE (dashed red line)
decrease as the number of Q) clusters increases, demonstrating that higher clustering
quality leads to a tighter error bound and better approximation.

5.3 Error Analysis

Strategy of block selection. To access the error-density trade-off of the
three methods illustrated in Fig. [2} i.e., top-p selection (SVG2), top-p selection
with linear compensation, and error-aware routing with linear compensation, we
compute the mean squared error between each method’s attention map and the
full attention map, i.e., m”Asparse — Agun||%. Following the primary exper-
imental settings with Q¢ = 300 and K¢ = 1,000, we conduct this evaluation
by sampling a representative set of attention maps across the generation pro-
cess. As shown in Fig. |§| (a), our error-aware routing yields the attention map
most consistent with the full attention, while the top-p-based compensation only
achieves a marginal error reduction against SVG2.

Effect of clustering. We provide a theoretical guarantee that relates atten-
tion reconstruction error to clustering quality of query tokens in §4} To evaluate
the effect, we conduct inference on an additional sample with K& = 1,000 and
p = 0.85. As shown in Fig. |§| (b), we compute the clustering error 53 and the
attention MSE across varying numbers of query centroids (i.e., Q¢). We ob-
serve a significant reduction in attention error as Q¢ increases, demonstrating
that improved clustering quality directly enhances the approximation accuracy.
Notably, when Q¢ is set to 300, the relative variation in reconstruction error
remains within 4.75%, suggesting that the approximation remains stable under
this clustering configuration. This empirical observation aligns with our theoret-
ical guarantees, where the attention error relates to the clustering quality.

6 Conclusion and Limitation

We presented SVG-EAR, a training-free approach to accelerate DiT-based video
generation under sparse attention. SVG-EAR recovers the contribution of skipped
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attention blocks via a parameter-free centroid compensation branch, leveraging
the strong similarity structure of keys and values after semantic clustering. To
avoid the small fraction of blocks where compensation is inaccurate, we further
introduced error-aware routing that prioritizes blocks with the highest error-
to-cost ratio under a fixed density budget. We provided theoretical guarantees
linking attention reconstruction error to clustering quality, and demonstrated
empirically that SVG-EAR improves the quality—efficiency trade-off. The main
limitation of this paper is the lack of discussion and evaluation of whether the
proposed method extends to attention mechanisms beyond DiTs.
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