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Supplementary Material

This document presents supplementary materials that
could not be included in the main manuscript due to page
limitations. We first present the deviation analysis of the
linear diffusion process. We then provide additional experi-
ments that further validate the effectiveness of the proposed
SeaCache. Finally, we include a zipped archive that con-
tains our implementation for FLUX.1-dev, HunyuanVideo,
and Wan2.1 1.3B in the code directory, as well as ad-
ditional video samples in the video samples directory
for qualitative comparison between SeaCache and baseline
methods.

1. Derivation of Optimal Linear Response
To design a filter that reflects spectral evolution, we for-
malize how the effective frequency band changes across
timesteps. Motivated by Spectral Diffusion [16] and Wiener
Filtering [15], we adopt the timestep-dependent frequency
response derived from the optimal linear denoiser h⋆

t . 1

Setup and assumptions. We consider the linear mixture
of iterative denoising generative models (DPMs and RFs) at
timestep t,

xt = at x0 + bt ϵ, ϵ ∼ N (0, I), (1)

where x0 is the clean signal, assumed to be wide-sense sta-
tionary, and ϵ is zero-mean white Gaussian noise with flat
power spectral density Sε(f) = 1. We also assume that x0

and ϵ are independent.
The Fourier-domain version of Eq. (1) is

Xt(f) = at X0(f) + bt E(f), (2)

where X0(f), Xt(f), and E(f) are the Fourier transforms
of x0, xt and ϵ at frequency f , respectively.

The filter ht estimates x0 from xt as

x̂0 = ht ∗ xt ⇐⇒ X̂0(f) = Ht(f)Xt(f), (3)

where ht is a linear reconstruction estimator, Ht(f) is the
frequency response of ht, and x̂0, X̂0(f) are the estimated
signal and its Fourier counterpart, respectively.

We define the signal reconstruction MSE objective,
which is equivalent to the denoising objective of diffusion
models,

Jt =
∥∥ht ∗ xt − x0

∥∥2
2
, h⋆

t = argmin
ht

E[ Jt ] , (4)

where the expectation is taken over (x0, ϵ).
1Throughout this section, the symbol “∗” denotes convolution in the

spatial (or spatio-temporal) domain, while the superscript “∗” denotes
complex conjugation of Fourier coefficients.

Frequency-domain MSE expansion. By Parseval’s the-
orem [10], the reconstruction MSE (Eq. (4)) decomposes
as an integral over frequencies. Since Ht(f) acts inde-
pendently at each frequency, minimizing the total MSE is
equivalent to minimizing Jt(f) for every f ,

Jt(f) = E
[ ∣∣ Ht(f)Xt(f)−X0(f)

∣∣2 ]
. (5)

We now expand Jt(f) using standard complex-valued
quadratic expansion:

Jt(f) = E
[ ∣∣ Ht(f)Xt(f)−X0(f)

∣∣2 ]
= E

[ (
Ht(f)Xt(f)−X0(f)

)(
Ht(f)Xt(f)−X0(f)

)∗ ]
= |Ht(f)|2 E

[
|Xt(f)|2

]
−Ht(f)E[Xt(f)X0(f)

∗ ]

−Ht(f)
∗ E[X0(f)Xt(f)

∗ ] + E
[
|X0(f)|2

]
, (6)

where all quantities are evaluated at frequency f .
We next simplify the two expectation terms

E[X0(f)Xt(f)
∗] and E

[
|Xt(f)|2

]
, which will be used in

the subsequent derivation. Let Sx(f) denote the power
spectrum of x0. The first term can be written as

E[X0(f)Xt(f)
∗] = E

[
X0(f)

(
atX0(f) + btE(f)

)∗]
= at E

[
|X0(f)|2

]
+ bt E[X0(f) E(f)∗]

= at E
[
|X0(f)|2

]
= at Sx(f), (7)

since we assume that x0 is wide-sense stationary and inde-
pendent of the noise ϵ, so E[X0(f) E(f)∗] = 0 in Eq. (7).
Next, we expand the second expectation term:

E
[
|Xt(f)|2

]
= E

[(
atX0(f) + btE(f)

)(
atX0(f) + btE(f)

)∗]
= a2

t E
[
|X0(f)|2

]
+ b2t E

[
|E(f)|2

]
+ atbt E[X0(f) E(f)∗] + atbt E[X0(f)

∗ E(f)]

= a2
t E

[
|X0(f)|2

]
+ b2t E

[
|E(f)|2

]
= a2

t Sx(f) + b2t Sε(f)

= a2
t Sx(f) + b2t , (8)

since in Eq. (8), the cross terms vanish because of indepen-
dence, E[X0(f)E(f)∗] = E[X0(f)

∗E(f)] = 0, and white-
ness of the noise ϵ implies E[|E(f)|2] = Sε(f) = 1.

Optimality by differentiation. Differentiating Eq. (6)
with respect to Ht(f)

∗ using Wirtinger derivative [1] and
setting the result to zero to find the optimal linear filter un-
der the linear MMSE criterion, we obtain

∂Jt(f)

∂Ht(f)∗
= Ht(f)E

[
|Xt(f)|2

]
− E[X0(f)Xt(f)

∗] = 0.

(9)



Table 1. Runtime overhead of SEA filtering per sample, averaged
over 10 runs.

Model SEA Filtering (s) Latency (s) Overhead (%)

FLUX (2D FFT) 0.058 9.4 0.6
HunyuanVideo (3D FFT) 0.362 90.8 0.4

Using Eqs. (7) and (8), the unique minimizer is

H⋆
t (f) =

E[X0(f)Xt(f)
∗]

E[ |Xt(f)|2 ]
=

at Sx(f)

a2t Sx(f) + b2t
, (10)

where H⋆
t (f) is the Fourier transform of h∗

t . We define the
optimal frequency response

Gt(f) ≜ H⋆
t (f). (11)

Power-law prior. We adopt an empirical natural-image
power-law assumption for the power spectrum [2, 3, 12, 13],

Sx(f) ≃ A |f |−β , (12)

where A > 0 is an amplitude scaling factor and β is a fre-
quency exponent. In our experiments, we set A = 1 and
β = 2 for images and β = 3 for videos. Substituting this
prior into the optimal response in Eq. (10) gives

Gt(f) =
at |f |−β

a2t |f |−β + b2t
, (13)

which shows that the effective passband widens as at in-
creases (spectral evolution). Note that the SEA filter used
in our method Gnorm

t (f) is a normalized variant of Gt(f).
Its form is provided in the main manuscript.

2. Runtime Overhead of SEA Filtering

At every sampling step, SeaCache inserts an additional FFT
→ frequency-domain filtering → iFFT pass to construct
SEA-filtered features. Thus, we measure how much of the
end-to-end sampling time this pass occupies under a 50%
caching ratio, keeping all other settings identical to the main
experiments. For FLUX [7, 8] with SeaCache, the SEA fil-
tering pass takes on average 0.058 s per sample out of a to-
tal latency of 9.4 s, corresponding to only about 0.6% of the
overall generation time. For HunyuanVideo [6] with Sea-
Cache, the 3D FFT-based SEA filtering costs 0.362 s per
sample while the total latency is 90.8 s, roughly 0.4% of the
end-to-end runtime. As summarized in Table 1, the SEA
filtering introduces a negligible runtime overhead while en-
abling substantially better preservation of the original out-
puts compared to prior caching schemes.

3. Additional Evaluation

3.1. Quantitative Comparison in T2V Generation
VBench on HunyuanVideo. We evaluate SeaCache against
TeaCache [9] and TaylorSeer [4] on all VBench [5] dimen-
sions (Tab. 2), where the upper rows correspond to the 50%
refresh-ratio budget and the lower rows to the 30% budget.
All detailed settings follow the main manuscript. Aggregat-
ing by average rank across dimensions (Tab. 4), SeaCache
ranks first under both budgets, scoring 1.91 vs. 2.03/2.06
at ≈ 50%, and 1.75 vs. 2.16/2.09 at ≈ 30%. This indi-
cates the strongest overall performance across VBench di-
mensions on HunyuanVideo .
VBench on Wan2.1 1.3B. We repeat the evaluation on all
VBench dimensions for Wan2.1 [14] (Tab. 3) with the same
two budgets and the same experimental details as in the
main manuscript. In aggregate (Tab. 5), SeaCache delivers
stable performance across dimensions, ranking second un-
der both budgets, 1.97 at ≈ 50% (vs. the best 1.91) and 2.13
at ≈ 30% (vs. the best 1.53). Although our cache configu-
rations are designed to closely track the original full-refresh
sampling trajectory, the VBench results on Wan2.1 still
show that SeaCache provides robust performance across di-
mensions and refresh-ratio budgets.
CompressedVQA on T2V. To further quantify how
caching affects video quality, we report scores from Com-
pressedVQA [11], a full-reference video quality assessment
(VQA) metric. For each video, we treat the uncached tra-
jectory as the reference and compute single-scale and multi-
scale scores between the cached outputs. Tab. 6 summa-
rizes the results on HunyuanVideo and Wan2.1 1.3B at two
cache budgets with refresh ratios of approximately 50%
and 30%. Across both models and budgets, SeaCache con-
sistently achieves the highest single-scale and multi-scale
scores among all caching baselines, indicating that it best
preserves the visual quality of the original trajectory while
still enjoying substantial reductions in the refresh ratio.

3.2. Qualitative Comparison in T2I Generation
In Fig. 1, we provide additional qualitative comparisons on
FLUX at refresh ratios of approximately 50% (top panel)
and 30% (middle panel), along with an additional set of ex-
amples at both cache budgets in the bottom panel.

At 50% refresh ratio in top-left of Fig 1, SeaCache pre-
serves a clean water surface without the blocky artifacts
or texture distortions that appear in the baselines. In the
top-right example, the baselines either generate a blurry
lemon or fail to capture the fluid dynamics inside the bottle,
whereas SeaCache correctly synthesizes both the glass bot-
tle and the orange liquid, closely matching the full-compute
original reference.

At a more aggressive 30% refresh ratio in the middle
panel, SeaCache again stays closest to the full-compute ref-



Table 2. VBench metrics in HunyuanVideo.

Models
Subject

Consistency
Background
Consistency

Temporal
Flickering

Motion
Smoothness

Dynamic
Degree

Aesthetic
Quality

Imaging
Quality

Object
Class

TeaCache (δ=0.12) 95.59% 95.99% 99.14% 98.77% 62.50% 60.92% 62.07% 86.31%
TaylorSeer (S=2) 95.75% 96.20% 99.09% 98.83% 63.89% 60.93% 62.73% 83.47%
SeaCache (δ=0.19) 95.77% 96.28% 99.15% 98.88% 62.50% 60.55% 62.01% 85.28%

TeaCache (δ=0.2) 95.57% 96.04% 99.18% 98.76% 62.50% 60.28% 60.28% 86.47%
TaylorSeer (S=3) 95.67% 96.18% 99.07% 98.86% 63.89% 60.64% 63.25% 82.20%
SeaCache (δ=0.35) 95.78% 96.35% 99.20% 98.92% 61.11% 60.00% 61.02% 82.59%

Models
Multiple
Objects

Human
Action

Color
Spatial

Relationship
Scene

Temporal
Style

Appearance
Style

Overall
Consistency

TeaCache (δ=0.12) 64.71% 96.00% 89.61% 61.84% 42.81% 24.39% 19.85% 26.91%
TaylorSeer (S=2) 58.38% 95.00% 90.87% 60.80% 40.48% 24.44% 19.89% 26.60%
SeaCache (δ=0.19) 63.64% 94.00% 90.26% 62.96% 40.92% 24.66% 19.83% 26.63%

TeaCache (δ=0.2) 63.34% 92.00% 89.81% 59.65% 44.48% 24.26% 19.93% 26.68%
TaylorSeer (S=3) 60.06% 92.00% 89.26% 57.78% 41.72% 24.35% 20.02% 26.57%
SeaCache (δ=0.35) 58.38% 94.00% 92.24% 60.63% 42.88% 24.34% 20.10% 26.33%

Table 3. VBench metrics in Wan2.1 1.3B.

Models
Subject

Consistency
Background
Consistency

Temporal
Flickering

Motion
Smoothness

Dynamic
Degree

Aesthetic
Quality

Imaging
Quality

Object
Class

TeaCache (δ=0.09) 95.89% 97.09% 98.30% 97.37% 81.94% 62.48% 67.88% 80.46%
TaylorSeer (S=2) 95.78% 96.90% 98.37% 97.47% 88.89% 62.14% 68.08% 82.75%
SeaCache (δ=0.2) 95.96% 97.05% 98.20% 97.41% 84.72% 62.31% 68.01% 81.17%

TeaCache (δ=0.15) 96.04% 97.02% 98.21% 97.35% 83.33% 62.25% 67.47% 80.22%
TaylorSeer (S=3) 95.32% 96.54% 98.21% 97.48% 84.72% 60.85% 67.83% 78.32%
SeaCache (δ=0.35) 96.03% 97.00% 98.12% 97.39% 81.94% 61.71% 67.66% 79.75%

Models
Multiple
Objects

Human
Action

Color
Spatial

Relationship
Scene

Temporal
Style

Appearance
Style

Overall
Consistency

TeaCache (δ=0.09) 52.67% 72.00% 92.95% 71.46% 23.91% 23.07% 20.06% 23.42%
TaylorSeer (S=2) 53.73% 70.00% 91.22% 75.48% 30.09% 22.75% 20.13% 23.41%
SeaCache (δ=0.2) 53.89% 70.00% 93.01% 69.50% 22.89% 23.32% 20.04% 23.51%

TeaCache (δ=0.15) 51.91% 72.00% 90.56% 67.67% 24.27% 22.98% 20.09% 23.58%
TaylorSeer (S=3) 45.05% 69.00% 87.83% 60.79% 20.20% 22.37% 20.64% 23.17%
SeaCache (δ=0.35) 53.20% 68.00% 89.67% 69.57% 23.62% 22.96% 20.06% 23.18%

Table 4. Comparison of avg. rank on VBench in HunyuanVideo.

Method (≈ 50%) Rank ↓ Method (≈ 30%) Rank ↓

TeaCache (δ=0.12) 2.03 TeaCache (δ=0.20) 2.16
TaylorSeer (S=2) 2.06 TaylorSeer (S=3) 2.09
SeaCache (δ=0.19) 1.91 SeaCache (δ=0.35) 1.75

Table 5. Comparison of avg. rank on VBench in Wan2.1 1.3B.

Method (≈ 50%) Rank ↓ Method (≈ 30%) Rank ↓

TeaCache (δ=0.09) 2.13 TeaCache (δ=0.15) 1.53
TaylorSeer (S=2) 1.91 TaylorSeer (S=3) 2.34
SeaCache (δ=0.30) 1.97 SeaCache (δ=0.35) 2.13



Table 6. CompressedVQA [11] scores on HunyuanVideo and Wan2.1 1.3B under single-scale and multi-scale settings.

HunyuanVideo Wan2.1 1.3B

Method (≈ 50%) Single-scale score ↑ Multi-scale score ↑ Method (≈ 50%) Single-scale score ↑ Multi-scale score ↑

TeaCache (δ=0.12) 2.72 2.76 TeaCache (δ=0.09) 2.97 3.03
TaylorSeer (S=2) 2.92 2.95 TaylorSeer (S=2) 1.90 1.95
SeaCache (δ=0.19) 3.98 3.99 SeaCache (δ=0.30) 3.93 3.95

Method (≈ 30%) Single-scale score ↑ Multi-scale score ↑ Method (≈ 30%) Single-scale score ↑ Multi-scale score ↑

TeaCache (δ=0.20) 2.11 2.16 TeaCache (δ=0.15) 2.44 2.49
TaylorSeer (S=3) 2.22 2.26 TaylorSeer (S=3) 1.38 1.42
SeaCache (δ=0.35) 3.13 3.17 SeaCache (δ=0.35) 3.09 3.11

erence. In the middle-left example, only SeaCache recon-
structs seven well-formed stars consistent with the origi-
nal, while competing methods either miss or severely de-
form several stars. In the middle-right example, SeaCache
produces five chopsticks with consistent length and color,
whereas the baselines generate chopsticks with mismatched
geometry and appearance.

In the bottom panel of Fig. 1, we further compare the
same text prompts across different cache budgets using the
same seed. In the top row of the panel, for the prompt re-
questing exactly the word “CUBE,” the baselines repeatedly
hallucinate cube-like patterns in the background, whereas
SeaCache is the only method that successfully renders the
intended text. In the last row of the panel, all methods
generate six wooden ice creams, but the baselines produce
slightly different designs or colors compared to the full-
compute reference, while SeaCache most closely matches
the original design.

These additional cases further support that SeaCache
best preserves the original content and layout while oper-
ating under the same cache budgets.

3.3. Qualitative Comparison in T2V Generation
Fig. 2 present further qualitative comparisons on Hunyuan-
Video and Wan2.1 1.3B, respectively. For each prompt, we
horizontally concatenate the same intermediate frame in-
dex from the full-compute reference and all caching vari-
ants to isolate per-frame differences. On HunyuanVideo at
a 30% refresh ratio, the baselines exhibit severe artifacts
around the hands during the Taichi motion, while SeaCache
preserves a plausible pose with smooth limb contours. At
50% refresh, the baselines render a skateboard that appears
to float above the surfboard, whereas SeaCache correctly
places the skateboard in contact with the surfboard, match-
ing the original video, as shown in the right side of Fig. 2.

On Wan2.1 1.3B at a 30% refresh ratio the baselines in-
troduce noticeable distortions near the truck wheels and bi-
cycles, but these artifacts do not appear in the SeaCache

outputs, as visualized in Fig 2. At 50% refresh, competing
methods either cause food items on the table to disappear
or introduce artifacts on the panda, while SeaCache closely
follows the full-compute trajectory without these failures.
Overall, these qualitative results indicate that SeaCache bet-
ter tracks the original dynamics and adheres more faithfully
to the text prompts while avoiding objectionable artifacts.

Note that all videos corresponding to Fig. 2 are included
in the video samples directory of the supplementary
material.

4. Limitation
To derive the optimal linear filter, we adopt several simpli-
fying assumptions that make the spectral response analyt-
ically tractable, even though they need not hold exactly in
practice. We model the signal spectrum with a power law
under a radial view, whereas generated samples, particu-
larly at later timesteps or in highly synthetic backgrounds
with no salient objects, can deviate from this behavior. We
also assume wide-sense stationarity and independence be-
tween signal and noise. When these conditions are violated,
the closed-form linear filter is no longer strictly optimal and
can introduce bias.

In addition, our analysis is formulated in the image or
video domain, while most modern generative models oper-
ate in a learned latent space. The encoder can reshape the
spectrum, so the latent distribution may differ from the as-
sumed pixel-domain power-law model, and our filter then
only approximates the optimal latent-space response.

A promising extension is to relax these assumptions by
estimating per-timestep spectra, designing content-aware
filters directly in the latent space, and augmenting them
with lightweight nonlinear corrections, while preserving the
plug-and-play nature of our cache policy. These extensions
would reduce the gap between the assumed and actual sig-
nal models and further improve fidelity under real-world de-
viations from our assumptions.



“A connection point by which firefighters tap into a water supply.”

Original TeaCache TaylorSeerOurs
Refresh ratio: 50%

“glassy bottle and smooth lemon staggered, uniform lighting”

“5 rubber notebooks, vertical symmetry, no color bleeding” “white grape and pink book, back to back, uniform lighting”

Original TeaCache TaylorSeerOurs

“5 wooden hats, staircase, no distortion, reflections visible.”

Original TeaCache TaylorSeerOurs
Refresh ratio: 30%

“metallic dodecahedron and green pillow, stacked vertically”

“7 white glue star, no distortion, accurate shadows” “5 yellow chopsticks, vertical symmetry, black background”

Original TeaCache TaylorSeerOurs

“Exactly "CUBE" text only, centered, white background”

Original TeaCache TaylorSeerOurs

Refresh ratio: 50%

Original TeaCache TaylorSeerOurs

Refresh ratio: 30%

“glossy box and pink giraffe staggered horizontally, reflection visible”

“6 wooden ice creams, hex grid, no distortion, white background”

Figure 1. Additional qualitative comparison of SeaCache and baselines on FLUX at refresh ratios of approximately 30% and 50%.



Original

TeaCache

TaylorSeer

Ours

HunyuanVideo, Refresh ratio: 30%

“A person is tai chi.” “an orange and a clock.”

Original

TeaCache

TaylorSeer

Ours

HunyuanVideo, Refresh ratio: 50%

“A person is running on treadmill.” “a skateboard on the top of a surfboard.”

Original

TeaCache

TaylorSeer

Ours

Wan2.1 1.3B, Refresh ratio: 30%

“Vampire makeup face of beautiful girl with red contact lenses.” “a truck and a bicycle.”

Original

TeaCache

TaylorSeer

Ours

Wan2.1 1.3B , Refresh ratio: 50%

“A person is sweeping floor grid.” “A panda cooking in the kitchen.”

Figure 2. Additional T2V qualitative comparison of SeaCache and baselines at refresh ratios of approximately 30% and 50%.
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