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Abstract

Video diffusion transformers (DiTs) suffer from pro-
hibitive inference latency due to quadratic attention com-
plexity. Existing sparse attention methods either overlook
semantic similarity, or fail to adapt to heterogeneous to-
ken distributions across layers, leading to model perfor-
mance degradation. We propose AdaCluster, a training-free
adaptive clustering framework that accelerates the genera-
tion of DiTs while preserving accuracy. AdaCluster applies
an angle-similarity preserving clustering method to query
vectors for higher compression, and designs a euclidean-
similarity preserving clustering method for keys, covering
cluster number assignment, threshold-wise adaptive clus-
tering, and efficient critical cluster selection. Experiments
on CogVideoX-2B, HunyuanVideo, and Wan-2.1 via one
A40 GPU demonstrate up to 1.67x-4.31x speedup with
negligible quality degradation.

Code: https://github.com/USTC-MLSys-Team/Adacluster

1. Introduction

Diffusion transformer models (DiTs) have emerged as
a dominant paradigm for video generation and physi-
cal scene simulation, demonstrating strong scalability and
high-fidelity synthesis capabilities [3, 6, 26]. However, gen-
eration latency remains a major bottleneck due to inherently
high computational complexity [4, 41, 43]. The primary
source of this cost is the attention module, whose complex-
ity scales quadratically with the input sequence length [38].
In video generation, the sequence length grows with both
resolution and the number of frames, resulting in substan-
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Full Attention | latency = 1639s

Figure 1. Performance comparison between Full Attention and
AdaCluster methods on HunyuanVideo, with videos generated on
a single A40. AdaCluster reduces inference latency from 1639s to
973s with a PSNR of 30.58dB, significantly improving inference
speed while maintaining visual quality.

tially longer input sequences. For instance, in CogVideoX-
2B [52], we generated a video with 81 frames at a resolution
of 720p on a single NVIDIA A40 GPU. The entire gener-
ation takes 1691 seconds, where the input sequence length
is 70K tokens and attention accounted for 75% of the to-
tal generation time. We also observe similar phenomena in
HunyuanVideo [16] and other DiT models.

To address this, existing works, such as Top-K atten-
tion [27, 59], exploit the inherent sparsity of attention to
accelerate computation, namely only a few critical tokens
dominate output accuracy [40, 62]. One category of meth-
ods aggregates consecutive tokens into fixed-size blocks,
and select a representative (usually the average of the to-
kens) from each block for significance estimation [56, 58].
However, consecutive tokens are not necessarily semanti-
cally close in the embedding space. Some tokens may be far
away from the block representative, and hence leads to de-
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graded attention accuracy. To address this issue, the token
clustering methods are adopted in the later methods [51],
through which higher intra-group token similarity is en-
sured, hence achieving better accuracy.

In cluster-based sparse attention methods, queries and
keys are typically clustered to achieve significant acceler-
ation. However, existing approaches apply a uniform strat-
egy to both queries and keys, using the same Euclidean
distance-based clustering. This overlooks the distinct roles
that queries and keys play in the attention mechanism, as
well as the significantly different patterns they exhibit.

In this paper, we propose AdaCluster, a training-free
adaptive clustering framework that introduces a role-aware
redesign of the entire “cluster-then-select” pipeline. We de-
sign customized clustering strategies for queries and keys
separately. The core technical contributions are as follows:

1. Query Clustering. For the query tokens, we analyze
that the relative magnitude of query—key scores is inde-
pendent of the query length. Based on this, AdaClus-
ter first normalizes queries and proposes an angle-based
clustering method, which can compress the query tokens
by a large ratio.

2. Key Clustering. For the key tokens, we show that the
distribution of the key tokens varies greatly across dif-
ferent layers. Due to this, we propose an layerwise adap-
tive kmeans clustering method, covering cluster number
assignment, threshold-wise adaptive clustering, and effi-
cient critical cluster selection.

3. Evaluation. We build custom operators for AdaCluster
on Triton [36] and FlashInfer [54], and test it on open-
source DiT models including CogVideoX-2B [52], Hun-
yuanVideo [16], and Wan-2.1 [39]. Experimental results
on one A40 GPU demonstrate that AdaCluster achieves
an end-to-end acceleration of 1.67 x—4.31x for resolu-
tions above 720p within our test range, while maintain-
ing high visual fidelity with PSNR of 30.99.

2. Background and Motivation

2.1. DiT Models and Computation Bottleneck

DiT models. Video generation has emerged as a trans-
formative technology, enabling the creation of high-quality,
realistic videos for applications in entertainment, adver-
tising, and virtual reality [44]. Recently, Video Diffu-
sion Transformers (DiTs) have demonstrated superior per-
formance in generating temporally consistent and visually
compelling videos by leveraging a Transformer-based ar-
chitecture [5, 22, 42, 48, 60].

Popular DiT models share a similar architecture and
inference workflow. Each layer typically includes an at-
tention module to capture spatial-temporal dependencies
across frames and a feed-forward network (FFN) for nonlin-
ear feature enhancement [24, 48]. During inference, DiTs

generate videos by iteratively denoising random latent noise
over dozens of steps, with each step requiring a full forward
pass to ensure temporal coherence.

Computation bottleneck of DiT. Despite their capabili-
ties, generating high-quality videos with DiTs remains pro-
hibitively time-consuming and resource-intensive. For in-
stance, generating an 81-frame video at 1280x720 reso-
lution takes more than 27 minutes on an A40 GPU with
48GB HBM. A higher-resolution version (1920x1120) of
the same video takes drastically longer (130 minutes).

Our analysis identifies the attention mechanism as the
primary performance bottleneck, a finding consistent with
prior research [25, 37, 61]. In the two tasks mentioned
above, attention computation accounted for 67.1% and
83.8% of the total time, respectively. This bottleneck
arises because the computational complexity of attention
scales quadratically with the input sequence length [28].
In DiTs, this sequence length is the product of the frame
count, height, and width, leading to extremely long se-
quences [11]. For our examples, the sequence lengths
reached 70K and 180K tokens, respectively. We observed
a similar phenomenon in CogVideoX-2B [52], another
widely used DiT model. In summary, the performance bot-
tleneck caused by excessively long sequences in DiT atten-
tion computation severely hinders the development of appli-
cations requiring high resolution or long video generation.

2.2. Sparse Attention

To address the bottleneck of full attention, researchers
have exploited the inherent sparsity of attention mecha-
nisms [8, 50, 55]. Only a small fraction of key/value to-
kens contribute significantly to the final output, so selec-
tively retaining these important tokens can substantially re-
duce computational overhead while preserving model qual-
ity [1, 13]. Existing approaches generally fall into two cat-
egories: static sparsity and dynamic sparsity.

Static sparsity simplifies the sparsity identification dur-
ing inference by using predefined and fixed attention pat-
terns. Methods such as MlInference [15] and SVG [46] per-
form offline analysis of attention behavior and assign fixed
sparse patterns to each attention head based on empirical
statistics or heuristic rules. These sparsity patterns typically
capture spatial or temporal dependencies, reflecting the in-
herent characteristics of attention heads in DiT [23, 49].

However, static patterns lack sufficient generality and
fail to capture all important attention regions, potentially
omitting critical tokens. To address this, recent methods
increasingly resort to dynamic sparsity schemes [19, 29,
31, 45, 47, 51, 56, 57]. The most representative family is
the Top-K attention approach, which computes the attention
score matrix S = QK7 and selects the Top-K key—value
pairs via these scores, hence preserving enhanced flexibility
and model quality. However, computing the whole query-



key scores for all the queries is very time-consuming. To
address this, SpargeAttn [56] detects sparsity patterns at the
block level by grouping consecutive tokens. In contrast,
Sparse VideoGen2 (SVG2) [51] introduces token clustering
for compression, yielding more flexible and efficient sparse
attention scheduling. Sparse attention variations with dy-
namic input patterns are more widely adopted due to their
generality and flexibility, which is the focus of this paper.

2.3. Limitations of Dynamic Sparsity Methods

Here, we conduct a study to uncover the limitations of ex-
isting dynamic sparsity and motivate our new design. To do
so, we generate videos with Hunyuan [16] and Wan-2.1 [39]
models, and analyze the distribution of query-key vectors
used for computing the attention scores. The main findings
are summarized as follows.

Distributions of query-key vectors are ignored.
SpargeAttn [56] processes vectors in consecutive blocks
without considering inherent properties such as numerical
similarity. SVG2 [51] considers similarity but uses a
fixed clustering scheme with 100 query clusters and 500
key clusters for all models. However, we observe that
the distribution of query—key vectors differs substantially
across models and layers. Here, we take the numerical
distribution of key vectors as an example. As shown in
Figure 2, some layers have highly dispersed token repre-
sentations, requiring more clusters to preserve critical keys,
or even being unsuitable for clustering. In contrast, layers
with concentrated token distributions can be effectively
compressed with fewer clusters. This diversity makes it
difficult for existing static clustering methods to effectively
capture critical tokens, potentially causing reduction in
attention accuracy and output quality.

Critical tokens may be missed after clustering. After
clustering, we need to evaluate the significance of all clus-
ters for each query vector and select tokens from the Top-K
critical clusters for attention computation. Existing meth-
ods typically estimate cluster significance based on atten-
tion scores computed over cluster centers. However, this
approach may overlook important tokens, since a cluster
center cannot fully represent all critical tokens, especially
when those tokens lie near the cluster boundaries rather than
close to the center.

Together, these limitations underscore the need for an
adaptive query—key clustering mechanism that can dynami-
cally determine the appropriate number of clusters, and ef-
ficiently identify critical tokens after clustering.

3. Methodology

This section introduces the overall design of AdaCluster. In
the existing clustering based method SVG2 [51], both query
and key vectors are treated equally, and they were clustered
using the same manner. To maximize efficiency and mean-
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Figure 2. Token distribution visualization across different layers
in Hunyuan(blue) and Wan-2.1(red) models. The token distribu-
tions are obtained by randomly sampling tokens across all steps of
generating, and their 128-dimensional features are projected into
a 2-dimensional space using PCA for visualization.

while ensuring accuracy, AdaCluster designs customized
clustering methods for the queries and keys, respectively.
We analyze that in the attention mechanism, the query and
key have different patterns. In query clustering, we only
need to ensure a relaxed angle similarity, so we normalize
them before clustering, which can increase the compression
ratio. Unlike this, the key vectors clustering is relatively
complex, since it requires a critical euclidean similarity. To
this end, we propose an effective method, covering cluster
number assignment, threshold-wise adaptive clustering, and
efficient critical cluster selection.

3.1. Query Clustering

We first introduce the method to compress the query vec-
tor. Since the query vectors are distributed in the high-
dimensional space, and the lengths of the vectors vary
greatly, directly clustering on the original space is diffi-
cult, only limited compression ratio can be achieved. Note
that for any query ¢, the relative magnitude of the query-
key scores s is independent of the query vector length [2].
Hence, we can first normalize the query vectors, and use
the normalized query to measure the significance of the
key vectors. As shown in Figure 3 , the distribution of
the queries is much more compact, so we can cluster the
queries by a much high compression ratio. Overall, in our
query clustering method, we actually group the queries that



After normalization

BN
0.50 o o ol'n
0.25 /’ﬁ‘ﬂ
z 0 \7;7 dl 1

Before normalization

Figure 3. Query vector distributions before (left) and after (right)
normalization. We normalize queries onto a unit sphere, making
their distribution more compact and clustering more efficient.
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Figure 4. Layer-wise compactness scores of the Wan-2.1 and Hun-
yuan models. The x-axis represents the layer index, and the y-axis
shows the normalized compactness score C;. Note that the values
are computed with respect to 400 cluster centers there.

are close at the angle level, which is much more efficient
than the existing method using the Euclidean-level cluster-
ing.The corresponding theoretical analysis can be found in
Appendix A.2.

3.2. Key Clustering
3.2.1. Observation and Analysis

Though the complexity of attention is greatly reduced after
query clustering, when the sequence length is long, identi-
fying significant key tokens is still the most time-consuming
step in Top-K attention. To further speed up the denoising
process, we also consider to cluster the key vectors. Dif-
ferent from the queries, both the vector direction and the
vector lengths of the keys affect the Top-K attention result,
so the keys require Euclidean-level clustering. Considering
an arbitrary k, assume c¢(k) is the cluster center of k after
token clustering. Note that for any ¢, we have that

g clk) —q"k < lgl * [k — (k)]

so if the tokens in the same cluster are compact enough,
namely ||k — c(k)|| is very small, then we can efficiently
approximate the gk score ¢ 'k by ¢ ' c(k), for all the keys
in this cluster. In this situation, for any query ¢, we do
not need to measure and compare the significance of all the

keys. Instead, we only need to measure and compare the
significance of clusters.

According to above analysis, the compactness of the key
vectors in the same cluster determines whether the critical
keys can be accurately select, and hence affects the final
model performance. SVG2 adopts uniform number of clus-
ters for all the layers. However, we observe that the range
of keys distribution varies greatly across different layers, as
show in Figure 2. To measure the intra-cluster compactnes-
sof different layers more explicitly, we randomly sample a
request with length N, and cluster the key tokens of all the
layers with a uniform number of cluster centers. Then we
compute the mean squared reconstruction error (MSE) of
each head ¢ in layer [ by

R TP\ R
MSE] = 3 [k — (k)
=1

where k} denotes the i-th key vector of head i from layer
l. We define the compactness score of each layer [ as
Comp; = 1/MSE;, where MSE; is the average of {MSE;}.

Figure 4 measures the compactness scores of different
layers for model Wan-2.1 and Hunyuan. It is shown that, the
intra-cluster compactness differs significantly across differ-
ent layers. Hence, we should assign larger cluster counts
for the layers with relatively scattered data distribution, and
less cluster counts for the layers with relatively concentrated
data distribution. The compressity for different prompts
within the same layer is similar (Appendix A.1). Therefore,
we only need to adjust on a per-layer basis.

3.2.2. Multi-stage K-means Clustering

As analyzed above, different number of clusters are re-
quired across layers to ensure the compactness of intra-
cluster data distribution. However, it is difficult to deter-
mine the suitable number of clusters in advance. In this sub-
section, we adopt a multi-stage K-means clustering method
to finish this task. Specifically, as shown in Figure 5, for
each layer, at the initial stage, we cluster the tokens with
a moderate number of clusters. After clustering, we select
the outlier tokens which is relatively far from their cluster
centers (beyond a predefined threshold). Then we re-cluster
these outlier tokens with a few number of new clusters. We
repeat such a strategy until each token is assigned to a com-
pact cluster. In particular, if the number of clusters exceeds
a preset upper limit, we will stop further clustering and
treat this layer as a hard-to-compress layer. For such lay-
ers, we apply the vanilla full attention. The detailed process
is shown in Algorithm 1.

Efficient initialization. DiT involves multiple denoising
steps during image/video generation. We observe that for
each layer the token distributions change gradually across
consecutive denoising steps, i.e., adjacent steps exhibit very
similar distributions. Figure 6 visualizes token distributions
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Figure 5. Visualization of Multi-stage K-means clustering. Red crosses represent tokens, black crosses denote cluster centers, and dashed
circles indicate cluster boundaries. In each iteration, samples are progressively clustered into finer groups. The number of clusters (clus-

ter_num) increases adaptively as unassigned samples are reclustered.

Algorithm 1 MultiStageClustering

Require: Key vectors set X = {ki,...,k,}, distance
threshold 7, max cluster count V.«
Ensure: Cluster assignments .4, Cluster centers C, use full

attention flag F'

1: C+ 0

22U+ D

3: t < 0, F < False

4: while U/ # 0 do

5: if |C| > Niax then

6: F < True

7: break

8: end if

9: Choose a moderate cluster number m;

10.  Index,C; < KMeans(U, m;)
11: for each k; € K do
12: Compute the distance d; < ||k; — c(k;)||2
13: if d; < 7 then
14: Remove k; from U: U < U\ {k;}
15: end if
16: end for
17: C+CUC

18: t—t+1

19: end while

20: Obtaining the cluster assignment set A by assigning
each k; in K to the closest cluster center in C.

21: return A,C, F

across denoising steps (Layer 0 and Layer 24) using PCA.
Therefore, the cluster centers computed at step ¢ can ap-
proximately represent the token distribution of step ¢+1.

Based on this observation, we can further simplify the
whole process of DiT denoising. We only need to apply the
above-mentioned multi-stage kmeans clustering at the first
denoising step to determine the number of clusters for each
layer. In the later denoising steps, the number of clusters is
fixed, the specific cluster centers will be updated. In partic-

Layer 0 (Red) & Layer 24 (Blue) - Steps 0, 20, 40
Layer 0 - Step 0 Layer 0 - Step 20

>

Layer 0 - Step 40
10 X

100f
e

50 501 50
| 1Ly 7 B
g :
g 0 ° 0 L ] 0 i L ]
a 0

50 501 -50

-100 NS “100! AT -100

2100 -50 0 50 100 2100 50 0 50 100 2100 550 0 50 100

Layer 24 - Step 0 Layer 24 - Step 20 Layer 24 - Step 40
30 30 30{
20 20 % 201
*

g 10 - 10 10§ 3
£ % 0 a1 01 s
2 b | » A
&-10 -10 -10{

20 20 20

30 30 30

-30-20-10 0 10 20 30
Dimensionl

-30-20-10 0 10 20 30
Dimensionl

-30-20-10 0 10 20 30
Dimensionl
Figure 6. Token distribution consistency of Wan-2.1 across
timesteps for Layer O (top, red) and Layer 24 (bottom, blue). Each
column corresponds to a different denoising step (0, 20, 40).

ular, we will use the cluster centers of previous denoising
step as the initialization of the current step, which can ac-
celerate the clustering procedure in practice.

3.2.3. Efficiently Identify Critical Clusters

To efficiently identify critical tokens after clustering, we
take inspiration from the existing method Quest [32], which
is able to select the most potentially critical KV cache
pages for the current query during LLM decoding. Specif-
ically, given a query ¢, and a page of key vectors K :=
[k1, k2, ..., kn], Quest identifies critical attention candidates
by estimating the upper bound of attention weights across
all key vectors, which is expressed as

D
Quest(q, K) = Z max(¢? * max(K?), ¢¢ * min(K%)),

d=1
ey
where D is the total dimension of g and &, and K¢ denote
the vector composed of the d-th dimension of K. One can
refer to [32] for more details about Quest.



Algorithm 2 TensorQuest

Require:
Query tensor Q € RBXHxLqxD
Key tensor K € RE*HxLxxD
Ensure: Quest score S
1: Q+ — maX(Q, 0)
2: Q7 + min(Q,0)
3: KT + max(K,0)
4: K~ + min(K,0)
5: S + matmul(QT, (K*) ") + matmul(Q~, (K~) )
// shape: [B,H, Ly, Ly]
6: return S

Inspired by Quest, we aim to adopt a similar method to
measure the significance of a cluster. However, according
to (1) we can see that the Quest score is purely computed in
the GPU CUDA Core, which is inefficient. Compared with
LLM decoding, the attention in diffusion denoising is more
computationally intensive, so the existing Quest method
cannot be directly applied, due to unacceptable time delay.
In this section, we propose TensorQuest, which is equiva-
lent to vanilla Quest method, but enables the main compu-
tation to be executed in the powerful tensor core, thereby
significantly enhancing efficiency. To achieve this goal, we
first extract the positive and negative parts of query and key
separately, as follows,

q+ = max(q, O), q7 = min(q, 0)7

kt = max(k,0), k= =min(k,0).
Then the Quest score can be computed by
Quest(q, K) = matmul(¢", k1) + matmul(¢—, k7). (2)

It can be verified that equation (2) is equivalent to (1). Ex-
cept the light-weight positive and negative parts extraction,
the main computation is finished in the CUDA Core. We
illustrate the whole process in Algorithm 2.

Algorithm 3 AdaCluster

Require: Query @), Key K, Value V, distance threshold 7,
Top-K parameter topk, max cluster count Ny,
Ensure: AttnOut
1: Ay, Cy < KMeans(Normalize(Q)))

2: Ay, Cr, F' + MultiStageClustering (K, 7, Nmax)
3: if F is True then

4: AttnOut < Attention(Q, K, V)

5: else

6: S < TensorQuest(Q, K)

7: Index < argtopk(.S, topk)

8: K* < K[Index], V* < V[Index]

9: AttnOut < Attention(Q, K*,V*)

10: end if

: return AttnOut

—_
—_

3.3. Overall Process

Finally, we describe the whole procedure of AdaCluster in
the Algorithm 3. We cluster normalized queries using stan-
dard KMeans, while the keys are processed with our Multi-
StageClustering to determine whether a given layer should
be compressed. For layers identified as compressible, we
employ TensorQuest to rapidly select critical tokens for at-
tention computation.

4. Experiment
4.1. Setup

Models. We evaluate the performance of AdaCluster on
several Diffusion Transformer (DiT) based video generation
models, including HunyuanVideo [16, 33], Wan-2.1-T2V-
1.3B [30, 39], and CogVideoX-2B [35, 52]. We generate
videos with multiple resolutions (e.g. 480p and 720p) via
the Text-to-Video (T2V) method.

Datasets and Metrics. For the generation task, we use
the prompt dataset from PenguinVideoBenchmark [34]. To
evaluate the performance of the AdaCluster, we measure the
generated videos from two dimensions: similarity to orig-
inal videos and overall video quality, with specific metrics
selected as follows. For the similarity assessment between
generated videos and reference videos, we choose three
metrics: Peak Signal-to-Noise Ratio(PSNR), Learned Per-
ceptual Image Patch Similarity(LPIPS) and Structural Sim-
ilarity Index Measure(SSIM). For the overall video quality
evaluation, we use VBench [14] to measure four aspects of
generated videos:imaging quality, background consistency,
subject consistency and aesthetic quality.

Baselines. We compare the performance of AdaCluster
with baseline models adopting FlashAttention [7]. Addi-
tionally, we select SpargeAttn [56] and SVG2 [51] as base-
lines, which represent the state-of-the-art sparse attention
algorithms with dynamic input-driven patterns. We use the
default hyperparameter settings reported in their original
papers and code repositories.

Platform and configurations. Main experiments are con-
ducted on one NVIDIA A40 GPU with 48GB memory. Ex-
periments on H100 are in Apendix A.6. Our implemen-
tation builds upon Transformer Diffuser [9] and integrates
custom kernels from FlashInfer [54]. For skipped layers,
we use FlashAttention [7] as the full attention, while for
layers with clustering, we implement a Triton-based kernel
to improve computational efficiency. To balance speed and
accuracy, we set kp,x such that the top 15% of layers use
full attention—these layers are relatively small, making the
additional latency acceptable. The threshold 7 is defined as
1.5x of the average token-to-cluster-center distance com-
puted in the first inference step. We fix the number of clus-
ters for q to 65, while the number of clusters for k is dy-
namically adjusted according to our algorithm. We report



Table 1. Similarity, quality and efficiency benchmarking results of AdaCluster and baselines.

Model Config PSNR7? | SSIMT | LPIPS| | ImgeQualf| BgConsis?T | SubConsisT| TmpFlick? | Speedup?t
CogVideoX-2B ~ 720x480 - - - 61.15% 96.06% 92.71% 97.31% 1x
SpargeAttn | 28.189 | 0.517 | 0.618 | 55.77% 95.56% 94.35% 98.14 % 1.23x
AdaCluster | 30.989 | 0.767 | 0.231 | 56.76% 93.95% 89.26% 95.18% 1.67 x
Wan-2.1-1.3B 832x480 - - - 67.53% 96.72% 95.08% 98.04% 1x
SpargeAttn | 28.292 | 0.437 | 0.599 | 64.59% 97.24% 96.29 % 98.36 % 1.81x
SVG2 28.230 | 0.358 | 0.679 | 66.43% 96.05% 94.36% 97.96% 1.61x
AdaCluster | 29.083 | 0.571 | 0.393 | 66.45% 96.35% 94.58% 97.84% 1.85x
HunyuanVideo  1280x720 - - - 62.64% 95.84% 93.05% 98.64% 1x
SpargeAttn | 28.155 | 0.490 | 0.596 | 61.76% 95.89% 92.92 % 98.69% 1.33x
SVG2 29.319 | 0.794 | 0308 | 65.42% 96.58 % 92.14% 98.73% 1.57x
AdaCluster | 30.580 | 0.835 | 0.203 | 65.11% 95.58% 92.56% 98.85% 1.68 <

the detailed number of clusters for k under different videos
configuration in the Appendix. Hyperparameter sensitivity
analysis is in Appendix A.5. Due to memory constraints of
A40, we use 30 inference steps for Hunyuan, while setting
50 steps for the other two models. Based on this hardware
setup, we ensure that all baselines use the exact same model.
For all subsequent timesteps, the cluster centers from the
previous step are reused.

4.2. Quality Evaluation

We present all the accuracy evaluation results in Table |
along two dimensions: similarity to the full-attention model
and video quality scores measured by VBench.

In terms of similarity, our results indicate that AdaClus-
ter consistently outperforms the selected baselines across
all three models. This demonstrates that AdaCluster ef-
fectively leverages diverse sparsity patterns across different
model layers, thereby preserving video quality to a greater
extent relative to the original full-attention approach.

Regarding video quality evaluation, we observe that
AdaCluster and the two baseline methods generally achieve
performance comparable to that of the original model.
However, two exceptions are noted: first, SpargeAttn occa-
sionally achieves an unexpectedly high score—sometimes
even surpassing the original model—which may be at-
tributed to its tendency to generate videos that align more
closely with VBench’s evaluation standards, thereby mak-
ing such scores less meaningful in comparative analysis.

Second, accuracy is stable on Wan-2.1 and Hunyuan
with little variation across methods. On CogVideoX, how-
ever, both SpargeAttn and AdaCluster show a significant
drop in image quality; SpargeAttn’s sub-consistency is
much higher than the original, while ours is much lower.
We attribute this to the model itself—CogVideoX exhibits
the poorest video quality among the three (see Appendix).

It is worth noting that video quality assessment remains
an active area of research. Our objective here is primarily
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to demonstrate that our approach preserves visual quality
without degradation, while simultaneously delivering sub-
stantial generation speedup. As shown in Table I, Ada-
Cluster achieves the highest end-to-end generation speedup
while incurring the lowest accuracy loss. Screenshots of the
generated video are provided in the Appendix.

4.3. Efficiency Evaluation

In this section, we present the end-to-end generation time
for various resolutions using HunyuanVideo as the test
model. The number of generated frames is fixed at 81, while
the resolution is varied, with the corresponding token counts
reported in Table 2. As shown in Figure 7, we observe
that under different input token lengths, AdaCluster consis-
tently achieves the highest speedup ratio. For instance, with
28.3K tokens, AdaCluster attains a speedup of 1.53x, while
SpargeAttn and SVG2 achieve 1.28x and 1.46x, respec-
tively. As the token count increases, the speedup of Ada-
Cluster becomes even more pronounced. At the maximum
input length of 176.4K tokens, AdaCluster and SpargeAttn
reach their peak speedups of 4.31x and 1.78%, respec-
tively. This trend can be attributed to the inherent sparsity of
the attention mechanism—Ionger sequences tend to exhibit
greater sparsity, thereby allowing more room for acceler-



Table 2. Number of tokens corresponding to different resolutions
for HunyuanVideo under the 81-frame configuration.

RES 864x480 1280x720 1712x720 1912x720 1912x1120
34.0K 75.6K 101.1K 113.7K 176.4K

Tokens

ation. Additionally, we note that SVG2 is only applicable
when the token count is below 101.1K, due to its substantial
memory overhead from caching metadata for subsequent
processing.

4.4. Ablation Study

All ablation studies are based on HunyuanVideo with
videos generated under the configuration of 1280x 720 res-
olution with a frame number of 81 (totally 75.6K tokens).
Due to space limitations, we analyze the results from the
following three perspectives only. The remaining compo-
nent ablation studies can be found in Appendix A.4.
Cluster count strategy. To further validate the impact of
assigning an appropriate number of clusters to each layer,
we compare AdaCluster with another strategy, ‘AvgClus’,
which assigns the same number of clusters to every layer
while maintaining the same average number of clusters
(specifically, 412 for the selected configuration) to ensure a
fair comparison. Shown in Table 3, ‘AdaClus’ consistently
outperforms ‘AvgClus’ in terms of accuracy, demonstrating
that adaptively determining the cluster count for each layer
can effectively enhance generation quality.

Table 3. Accuracy of AdaCluster and AverageCluster.

| PSNRT | SSIM? | LPIPS| | ImgeQualt
AdaClus | 30.580 | 0.835 | 0203 | 65.11%

AvgClus | 29.007 | 0.724 | 0.378 64.79%

TensorQuest accuracy. We evaluate the accuracy gains
from using TensorQuest (Sec 3.2.3) for cluster selection,
comparing against a mean-based baseline (w/o Quest). As
shown in Table 4, our method achieves higher accuracy,
demonstrating that TensorQuest effectively guarantees the
selection of important tokens.

Table 4. Accuracy of TensorQuest and w/o Quest.

| PSNR? | SSIM? | LPIPS| | ImgeQualt
30.580 | 0.835 | 0.203 65.11%

TensorQuest

w/o Quest | 28.941 | 0.687 0.410 64.06%

TensorQuest reformulation benefits. Beyond the accu-
racy ablation study, we further evaluate the performance
improvements achieved by the TensorQuest algorithm. As

120

—+— ReformulateQuest 105.7
1001 TensorQuest
ensorQues 82.8
- 80
E
o 60
£
=
40 27.2
18.0 21.3
20 10.7
5.8 .
0 34.0 75.6 113.7 176.4
Token (K)

Figure 8. Top-K selection time under different input tokens.

shown in Figure 8, the execution times under varying input
token lengths are reported. For the longest input sequence,
our proposed design attains a speedup of up to 5 x. This per-
formance gain stems from the efficient utilization of GPU
tensor cores, which are specialized for high-throughput ma-
trix operations, whereas the original Quest computation re-
lies solely on the less efficient CUDA cores.

5. Related Work

Diffusion model quantization.  Quantization has been
widely studied to accelerate diffusion models and reduce
memory usage. For example, PTQD [12] and PQD [53] in-
vestigate post-training quantization for diffusion pipelines,
while Q-DM [21] and Q-Diffusion [17] target low-bit quan-
tization. On the other hand, low-rank quantization meth-
ods such as SVDQuant [18] and IntLoRA [10] exploit a
low-rank adapter in conjunction with quantization to further
improve efficiency. These methods are orthogonal to ours:
they lower numerical precision, while we reduce attention
workload through token clustering and selection.
Training-based sparse attention. VSA [57] learns dy-
namic sparsity via two-stage attention: coarse tiling se-
lects critical tokens, followed by fine token-level attention
within selected tiles. DSV [31] uses low-rank attention pre-
dictors with reduced heads, trained separately without full
end-to-end integration. RadialAttention [20] extends gen-
eration length in pre-trained video DiT models via efficient
LoRA fine-tuning. However, these approaches generally in-
cur substantial re-training or fine-tuning costs.

6. Conclusion

We introduced AdaCluster, a training-free adaptive
query—key clustering framework for sparse attention in
DiTs. By tailoring clustering strategies to the heteroge-
neous distributions of query and key vectors, and by in-
tegrating efficient critical token selection via TensorQuest,
AdaCluster achieves substantial improvement in generation
speed while preserving high-fidelity video quality.
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