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Abstract
While Diffusion Transformers (DiTs) deliver re-
markable visual quality in video generation, the
massive computational overhead of 3D spatio-
temporal attention limits their scalability. To eval-
uate and optimize sparse attention mechanisms,
existing studies predominantly rely on the Top-K
Oracle Policy. However, this approach employs
rigid truncation that naively discards the contin-
uous tail of the attention distribution, introduc-
ing structural errors that degrade temporal con-
sistency during iterative diffusion processes. To
address this fundamental flaw, we provide an ora-
cle analysis of these distributional shifts and intro-
duce a novel Low-Delta Oracle Policy. Building
on a mathematical proof demonstrating that sparse
attention achieves zero error when grouping iden-
tical attention scores, our approach prioritizes the
structural integrity of the entire attention distri-
bution. As a promising correction mechanism,
we propose a Unified Tail Aggregation (UTA)
method. By aggregating logits where the score
variance is bounded by a marginal delta, UTA sup-
plements a single aggregated logit to restore the
attention distribution. Extensive empirical evalua-
tions demonstrate that our approach significantly
outperforms the Top-K oracle, achieving up to
a 97.4% reduction in mean squared error (MSE)
at a 50% sparsity level. By establishing a tighter
theoretical upper bound, this work provides a rig-
orous foundation for evaluating and stabilizing
future sparse attention systems.

1. Introduction
While Diffusion Transformers (Peebles & Xie, 2023) have
achieved remarkable success in image synthesis, extend-
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ing their capabilities to video generation (Wan et al., 2025;
Kong et al., 2024; Yang et al., 2024; Brooks et al., 2024;
HaCohen et al., 2024) introduces massive computational
overhead. Although adapting 3D spatio-temporal full atten-
tion produces visually compelling and consistent outputs,
the exponential increase in token counts across the temporal
dimension renders training and inference computationally
prohibitive. To mitigate this burden, various sparse atten-
tion mechanisms aim to determine which key and value
tokens are most critical for a given query. While static meth-
ods (Xi et al., 2025b; Zhang et al., 2025c; Li et al., 2025b)
reduce complexity through predetermined attention masks,
dynamic methods (Zhang et al., 2025b; Xu et al., 2025; Xia
et al., 2025) preserve relevant information by evaluating
sparsity patterns during inference.

To evaluate these strategies and establish a theoretical per-
formance upper bound, existing studies predominantly rely
on Top-K or Top-P oracle policies. However, we identify
a limitation in this approach: as sparsity increases, Top-K
relies on rigid truncation that discards the continuous tail
of the attention distribution, distorting the inherent prob-
ability distribution of full attention. In iterative diffusion
processes, this distribution shift acts as a compounding error
across multiple timesteps, ultimately degrading the temporal
consistency and visual quality of generated videos.

We argue that a true upper bound for sparse attention must
shift away from naive truncation, and instead prioritize pre-
serving the structural integrity of the entire attention distri-
bution. To realize this paradigm, we first establish a mathe-
matical proof demonstrating that, if multiple logit indices
share the exact same attention score, sparse attention can
be executed with zero error. Inspired by this theoretical
foundation, we introduce a Low-Delta Oracle Policy that
exploits logit indices with minimal differences in their atten-
tion scores. To empirically verify our claims, we propose
Unified Tail Aggregation (UTA) as a straightforward im-
plementation. By grouping tokens whose score variance is
bounded by a marginal delta, UTA compresses redundant
contextual information while mathematically preserving the
original score distribution. The main contributions are:

• We introduce a novel Low-Delta Oracle Policy based
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on a mathematical proof showing that sparse attention
can achieve zero error when grouping identical atten-
tion scores, fundamentally resolving structural errors
caused by rigid truncation in Top-K policies.

• We propose Unified Tail Aggregation (UTA) as a
straightforward implementation of the Low-Delta Ora-
cle Policy, which restores the attention distribution by
supplementing a single aggregated logit.

• We demonstrate that our approach outperforms the
Top-K oracle and verify that masked logits in exist-
ing sparse attention frameworks predominantly exhibit
Low-Delta characteristics, so that applying UTA di-
rectly to masked regions improves attention recall and
reduces output MSE.

2. Related Work
Sparse Attention for Video Diffusion. Sparse attention
for video diffusion has been actively studied to alleviate
the excessive computational overhead of attention. Static
mask-based methods (Xi et al., 2025b; Zhang et al., 2025c;
Li et al., 2025b;a; Chen et al., 2025a) apply predefined at-
tention masks by analyzing attention score patterns a priori.
Dynamic methods (Zhang et al., 2025b; Xu et al., 2025; Xia
et al., 2025; Zhao et al., 2025; Tan et al., 2025; Liu et al.,
2025; Sun et al., 2025; Zhang et al., 2025d; Wu et al., 2025;
Durvasula et al., 2025; Xi et al., 2025a; Yang et al., 2025a)
apply sparsity masks by analyzing the attention map’s spar-
sity patterns during runtime. Both approaches convention-
ally adopt Top-K selection as their oracle policy. Recently,
alternative methods determine the sparsity ratio based on
probability mass via Top-P (Zhang et al., 2026; Yang et al.,
2025b). However, these approaches fundamentally fail to
resolve the attention distribution shift caused by omitted
logits at high sparsity. While some works (Chen et al.,
2025b; Zhang et al., 2025a) cache and reuse masked logits,
this incurs a critical trade-off with memory or computa-
tional overhead. Departing from the conventional Top-K
or Top-P paradigms, our work presents a new direction fo-
cused on identifying logits with similar attention scores and
compensating for the compromised softmax distribution by
aggregating masked logits into a single representative.

3. Method
3.1. Preliminaries

We first describe full attention in matrix form and then
present the per-query expression. Let Q ∈ RM×d, K ∈
RL×d, and V ∈ RL×dv denote the query, key, and value
matrices, respectively, where M is the number of query
tokens and L is the number of key/value tokens. The full

Figure 1. (a) Attention recall per attention head and (b) softmax
distributions per block, as a function of the sparsity ratio. Even
under an idealized oracle setting, the softmax distributions exhibit
significant variation depending on the sparsity level.

attention output is

O = Attnfull(Q,K, V ) ≜ Softmax

(
QK⊤
√
d

)
V. (1)

For a single query token qm, let S denote the index set of
all tokens attending to qm. The attention logit zi and weight
p(i) for i ∈ S are

zi ≜ qmk⊤
i , p(i) ≜

exp(zi)∑
j∈S exp(zj)

. (2)

Accordingly, the per-query attention output is

Attnfull(qm) =

∑
i∈S exp(zi)vi∑
j∈S exp(zj)

=
∑
i∈S

p(i)vi. (3)

3.2. The Flaw of Truncation: Distribution Collapse in
Top-K

The prevailing standard for establishing a theoretical upper
bound of sparse attention is the Top-K Oracle. We argue
that this naive truncation suffers from a critical mathematical
flaw that destroys the structural integrity of the attention
mechanism, as visualized in Fig. 1.

Under rigid Top-K truncation, the full index set S is decom-
posed into the selected set T and the discarded set D:

S = T ⊔ D, |T | = K, D = S \ T . (4)

The induced weight under truncation, pT (i), is the re-
normalized distribution restricted to T :

pT (i) ≜
p(i)∑

j∈T p(j)
= αp(i), α ≜

(∑
j∈T

p(j)
)−1

, (5)

for i ∈ T , where α ≥ 1 inflates all surviving weights
to compensate for the removed probability mass, directly
inducing re-normalization distortion.

Comparing Attnfull(qm) against the Top-K output
AttnT (qm) =

∑
i∈T pT (i)vi, the discrepancy decom-

2
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poses as:

Attnfull−AttnT =
∑
i∈T

(1− α)p(i)vi︸ ︷︷ ︸
re-normalization distortion

+
∑
i∈D

p(i)vi︸ ︷︷ ︸
dropped-mass loss

. (6)

Eq. (6) shows that Top-K simultaneously distorts surviving
weights via re-normalization and removes the entire tail
contribution, yielding compounded errors that accumulate
across iterative denoising steps in video diffusion models.

3.3. Theoretical Ideal: Zero-Error Aggregation

We first establish the theoretical foundation by analyzing
the exact condition under which sparse attention incurs zero
approximation error. Under the partition S = T ⊔ D, the
numerator and denominator of Eq. (3) separate into T - and
D-dependent components:

Attnfull(qm) =

∑
n∈T exp(zn)vn +

∑
i∈D exp(zi)vi∑

n∈T exp(zn) +
∑

i∈D exp(zi)
.

(7)

Theorem 3.1 (Zero-Error Aggregation). Let S be the full
token set and D ⊆ S be a truncation set, with Nd ≜ |D|.
For a given query qm, assume that all attention logits over
D are identical:

zi = ẑD, ∀i ∈ D, ẑD ≜
1

Nd

∑
i∈D

zi. (8)

Define the aggregated value v̂ ≜ 1
Nd

∑
i∈D vi. Then replac-

ing {zi,vi}i∈D with the single representative pair (ẑD, v̂),
weighted by Nd, preserves the attention output exactly:

Attnfull(qm)=

∑
n∈T exp(zn)vn +Nd exp(ẑD)v̂∑

n∈T exp(zn) +Nd exp(ẑD)
. (9)

The proof factors exp(ẑD) out of the D-summations in
Eq. (7) and is provided in supplementary materials.

Low-Delta Oracle Policy. Building on this ideal, the pro-
posed Low-Delta oracle shifts the objective of sparse atten-
tion. Instead of naive Top-K truncation, it identifies and
exploits indices that share similar attention scores. Group-
ing tokens into clusters with similar scores serves as a highly
effective method to compress and utilize information while
preserving the overall probability mass.

3.4. Unified Tail Aggregation (UTA)

3.4.1. EMPIRICAL ANATOMY OF ATTENTION: TAIL
LOGIT CONCENTRATION.

To bridge the zero-error condition in Section 3.3 to im-
plemental settings, we hypothesize that concentration of

logits within a narrow range implies low variance and near-
identical values. Consequently, approximating this concen-
trated region with a compact representation should substan-
tially reduce the approximation error.

To examine this hypothesis, we analyze the attention weight
distributions across various blocks and heads within a stan-
dard video diffusion model. As shown in Fig. 3(a), the distri-
bution of the entire attention score space is highly skewed: a
tiny fraction of high-attention tokens dominates the probabil-
ity mass, while the vast majority of logits are concentrated
near zero. In Fig. 3(b), we observe a dense cluster of small-
magnitude logits when focusing on the lower 90% of tokens.
Furthermore, the CDF over this lower region rises sharply
(Fig. 3(c)), indicating that most tail tokens lie within a nar-
row score range close to zero. In addition, Fig. 3(d) shows
that differences between adjacent sorted values form a sharp
peak at zero, confirming that many tail logits are nearly
identical.

These empirical findings provide a practical bridge to our
theoretical modeling. The tail is not mere noise; it forms a
dense region in which attention scores are tightly clustered
around zero with negligible variance. Therefore, Top-K
truncation discards a substantial portion of the distribution
and risks losing collective context carried by this tail mass.

3.4.2. UNIFIED TAIL AGGREGATION (UTA).

Motivated by the strong tail concentration above, we present
UTA in the simplest single-bin form, where the entire tail
set D is aggregated into one representative token (Fig. 2).
After obtaining the Top-K set T , we aggregate D into a
single bin with size Nd = |D| and statistics

z̄D ≜
1

Nd

∑
i∈D

zi, v̂D ≜
1

Nd

∑
i∈D

vi. (10)

Using the empirical concentration zi ≈ z̄D for i ∈ D, the
tail sums in Eq. (7) admit∑

i∈D
exp(zi) ≈ Nd exp(z̄D) = exp(z̄D + logNd),

(11)∑
i∈D

exp(zi)vi ≈ exp(z̄D + logNd) v̂D. (12)

Following the zero-error principle, we define the compen-
sated tail logit

ẑD ≜ z̄D + logNd, (13)

where the logNd term naturally restores the cardinality fac-
tor inside the softmax. Concatenating this single representa-
tive with the Top-K elements yields

AttnUTA(qm) =

∑
n∈T exp(zn)vn + exp(ẑD)v̂D∑

n∈T exp(zn) + exp(ẑD)
.

(14)
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Figure 2. Overview of the Unified Tail Aggregation (UTA) framework, illustrated for the first query and simplified for clarity. Discarded
tail tokens are aggregated into a single representative whose logit is compensated by logNd, restoring both the softmax denominator and
the value contribution.

Figure 3. Analysis of attention weight distributions. (a) Softmax
distributions for all tokens. (b) Softmax distributions for lower-
value tokens. (c) CDF for softmax values. (d) Distributions of
∆softmax values, showing a sharp peak at zero.

The single-bin formulation readily generalizes to multiple
bins by partitioning D into {bj}Nj=1 and applying the same
per-bin aggregation procedure.

4. Experiments
Empirical Validation of the Low-Delta Oracle. To verify
the theoretical foundation, we evaluate the effect of group-
ing logits with higher similarity. Theorem 3.1 predicts that
aggregating tokens with identical scores minimizes the ap-
proximation error. We focus on the discarded long-tail logits
and apply our aggregation method while varying the number
of discrete bins in powers of two from 1 to 32, and measure
the MSE of the attention outputs across heads (Fig. 4). Al-
though the absolute magnitude of the error and the impact of
binning vary by head, a consistent trend is observed: as the
number of bins increases, the MSE consistently decreases.

Figure 4. MSE of approximated attention outputs across heads as
the number of bins increases. The consistent reduction in MSE
with bin count empirically confirms that aggregating tokens with
higher similarity directly minimizes the approximation error.

Increasing the bin count reduces the in-bin variance of atten-
tion scores, so the aggregated tokens share a higher degree
of similarity. This empirically validates the core theory un-
derlying the proposed oracle policy: grouping tokens by
score similarity reduces approximation error in real-world
scenarios.

Effectiveness of UTA across Sparsity Ratios. To quan-
titatively verify the effectiveness of UTA, we measure the
MSE of attention outputs against the full attention baseline
using the Wan2.1-14B model (Wan et al., 2025). Our evalu-
ation is twofold: (i) from an oracle perspective, we compare
Top-K against Top-K+UTA; (ii) from an implemental appli-
cation perspective, we integrate UTA into existing structured
sparse attention frameworks, SVG2 (Yang et al., 2025a), un-
der the premise that masked regions inherently correspond
to Low-Delta indices. As shown in Table 1, integrating UTA
consistently reduces the MSE across all sparsity settings and
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Figure 5. Density visualization of post-softmax values across
individual attention heads. UTA (green) successfully approximates
the full attention distribution (blue), preventing the probability
inflation and rightward shift caused by Top-K truncation (orange).

baselines. From the oracle perspective at 50.0% sparsity,
UTA reduces the MSE by approximately 97.40%, with a
maximum error reduction of 8.06% when applied to SVG2.
These findings demonstrate that UTA, grounded in the Low-
Delta Oracle Policy, is a straightforward yet highly effective
method for mitigating approximation errors in both Top-K
approaches and existing sparse attention frameworks.

Preservation of Attention Distributions. To directly
evaluate how well UTA maintains structural integrity, we
visualize post-softmax value distributions across individual
attention heads of Block 0 of Wan2.1-14B (Wan et al., 2025).
As demonstrated in Fig. 5, our UTA consistently approxi-
mates the full attention probability density, while the Top-K
baseline frequently exhibits a rightward shift. This effect is
particularly pronounced in heads with widely spread distri-
butions (Heads 2, 3, 8, 9): when the distribution is broad,
the discarded continuous tail carries a substantial portion of
the probability mass, and rigid truncation artificially inflates
surviving probabilities. By unifying the discarded tail into
a single representative and preserving its collective mass
in the denominator, UTA inherently prevents this inflation.
Two-dimensional attention map visualizations further cor-
roborate this: Top-K produces severe noise and vertical
artifacts in widely spread heads, whereas UTA yields clean
attention maps visually indistinguishable from full attention.

Recall and Sparsity Analysis. Fig. 6 presents attention
recall across varying sparsity levels from both the oracle per-
spective and the practical application perspective (SVG2).
In both settings, integrating UTA yields consistent improve-
ments in attention recall across all sparsity ratios, confirm-
ing that the Low-Delta policy captures more of the original
attention mass than naive truncation.

Component Analysis. We compare two variants of UTA:
recovering only the softmax normalization (denominator)

(a) Oracle Policy (b) Sparse Attention

Figure 6. Recall vs. sparsity ratio. UTA improves attention recall
across both oracle and practical sparse attention settings.

Figure 7. Component ablation of UTA: recovering only the nor-
malization term (orange) vs. recovering both normalization and
value terms (blue). Full UTA consistently achieves lower MSE.

versus recovering both normalization and attention value
(numerator) terms. As shown in Fig. 7, the full UTA sig-
nificantly reduces MSE across all sparsity ratios compared
to the normalization-only ablation, confirming that both
components are essential for minimizing structural approxi-
mation errors, consistent with the dual error decomposition
in Eq. (6).

Attention Output Distribution and Temporal Stability.
Fig. 8(a) visualizes the overall attention output distribution.
The Top-K baseline exhibits a flattened peak due to sys-
temic renormalization distortion, whereas UTA flawlessly
matches the full attention distribution. Fig. 8(b) evaluates
the MSE across 500 diffusion timesteps at 25% sparsity.
While Top-K suffers from high and fluctuating errors (aver-
age MSE 0.01223), UTA consistently maintains near-zero
MSE (average 0.00084), an approximately 14.5× reduc-
tion, demonstrating strong temporal stability throughout the
iterative denoising process.

Qualitative Results. Fig. 9 presents a qualitative com-
parison between baseline dense attention and Radial+UTA
on Wan2.1-14B (Wan et al., 2025) across four scenarios.
Our approach is robust under dynamic camera movement

5
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Table 1. Quantitative comparison of MSE across different sparsity ratios on Wan2.1-14B. Integrating UTA significantly reduces
approximation error not only for the Top-K baseline but also for recent sparse attention frameworks such as SVG2 (Yang et al., 2025a).

Method 10.0% 20.0% 30.0% 40.0% 50.0%

Top-K 6.03e-03 2.27e-03 1.02e-03 4.88e-04 2.32e-04
Top-K + UTA (Ours) 8.51e-04 (-85.89%) 1.86e-04 (-91.81%) 5.53e-05 (-94.58%) 1.81e-05 (-96.29%) 6.03e-06 (-97.40%)

SVG2 3.21e-02 1.57e-02 8.42e-03 4.42e-03 2.11e-03
SVG2 + UTA (Ours) 1.94e-02 (-39.56%) 1.20e-02 (-23.57%) 6.73e-03 (-20.07%) 4.02e-03 (-9.05%) 1.94e-03 (-8.06%)

(a) Output Distribution (b) MSE across Timesteps

Figure 8. Attention output analysis. (a) UTA perfectly preserves
the output distribution while Top-K exhibits a flattened peak from
systemic distortion. (b) UTA maintains near-zero MSE across 500
diffusion timesteps, whereas Top-K yields high and fluctuating
errors.

Figure 9. Visual comparison between dense attention and Ra-
dial+UTA on Wan2.1-14B (Wan et al., 2025) across (a) dynamic
camera movement, (b) surreal object interactions, (c) complex
natural landscapes, and (d) detailed indoor lighting.

and surreal object interactions while maintaining temporal
consistency, and reconstructs complex natural landscapes
and detailed indoor lighting with high-frequency details and
subtle illumination preserved. The generated outputs are
comparable to the dense baseline, supported quantitatively
by a PSNR of 30.09, confirming that the efficient sparse
attention mechanism effectively maintains the visual quality
of the original dense generation.

5. Conclusion
In this work, we addressed the computational overhead of
3D spatio-temporal attention in video generation by identi-
fying a fundamental flaw in Top-K and Top-P oracle poli-
cies: the rigid truncation discards the continuous tail and
introduces compounding structural errors across iterative

denoising steps. To resolve this, we introduced a novel
Low-Delta Oracle Policy, mathematically proven to achieve
zero error when identical attention scores are grouped (The-
orem 3.1). As a practical implementation, we proposed Uni-
fied Tail Aggregation (UTA), which restores the full atten-
tion distribution by aggregating tail logits within a marginal
delta into a single representative and compensating with
logNd. Extensive evaluations demonstrated that UTA out-
performs the Top-K oracle by up to 97.4% MSE reduction
at 50% sparsity. Furthermore, integrating UTA into existing
sparse attention frameworks (SVG2) significantly reduces
the approximation error, confirming that masked regions
in structured sparse methods inherently exhibit Low-Delta
characteristics. Ultimately, by prioritizing the preservation
of the entire attention distribution, our approach establishes
a rigorous and highly effective foundation for scalable video
generation.

Limitations and Future Work. The primary focus of
this work is establishing a theoretical upper bound and a
diagnostic oracle policy for sparse attention. Consequently,
our evaluations assume an idealized oracle setting with
prior knowledge of the full softmax distribution. Addi-
tionally, achieving optimal latency requires structural modi-
fications to hardware-accelerated kernels such as FlashAt-
tention (Zhang et al., 2025a), which is beyond our current
scope. For future practical deployment, a promising direc-
tion is to approximate the required Low-Delta values via
sub-sampling and natively integrate these operations into
the inner loops of hardware-optimized kernels, realizing a
highly efficient sparse attention mechanism.
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