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Abstract

Diffusion models have been shown to implicitly generate visual content autoregres-
sively in the frequency domain, where low-frequency components are generated
earlier in the denoising process while high-frequency details emerge only in later
timesteps. This structure offers a natural opportunity for efficient generation, as
high-resolution computation on noise-dominated frequencies is largely redundant.
We propose Spectral Progressive Diffusion, a general framework that progressively
grows resolution along the denoising trajectory of pretrained diffusion models. To
this end, we develop a spectral noise expansion mechanism and derive an optimal
resolution schedule from the model’s power spectrum. Our framework supports
training-free acceleration and a novel fine-tuning recipe that further improves
efficiency and quality. We demonstrate significant speedups on state-of-the-art
pretrained image and video generation models while preserving visual quality.

1 Introduction

Computational demands for visual generative models are increasing rapidly as image resolutions
and video sequence lengths continue to grow. This trend reveals a fundamental scaling crisis: while
scaling model and data sizes consistently yields better generation quality, the underlying cost of
self-attention in Diffusion Transformers (DiTs) [[63]] scales quadratically with the number of generated
tokens. This creates a growing conflict between the desire for high-fidelity, long-duration content
and the compute cost of existing architectures. A shift toward token-efficient representations offers a
flexible and broadly compatible path for further scaling image and video generation.

Rissanen et al. [68] and Dieleman [9] observed that diffusion models implicitly learn to generate
visual content autoregressively in the frequency domain, where low-frequency components are
generated earlier in the denoising process while high-frequency details emerge only in later timesteps.
While this observation has motivated a variety of frequency-domain designs for diffusion models
[64. 6] [14) 44], they either do not support existing pretrained models or provide limited efficiency
gains. A natural way to exploit spectral autoregression is through progressive resolution growth, since
the frequency content representable by a signal is intrinsically tied to its spatial resolution. However,
prior progressive resolution approaches [33} 159, (32| [76] either require significant modifications to
the model architecture or rely heavily on heuristics for when and how to upsample, limiting their
compatibility with state-of-the-art pretrained models [5} 41} 182 |89].

In this paper, we propose Spectral Progressive Diffusion: a general framework for progressive-
resolution generation, guided by the spectral structure of the denoising process. Motivated by
the spectral autoregression property of diffusion models [9], we expand the resolution only at the
timesteps where high-frequency content begins to emerge from noise (see Fig.[I). This keeps early
denoising steps in a reduced token space and avoids redundant computation on noise-dominated
frequencies. To achieve this, we introduce a spectral noise expansion mechanism that uses a spectral
transformation to inject high-frequency noise at the correct level while preserving the partially-
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Figure 1: Spectral Progressive Diffusion. We progressively grow the resolution along the denoising
trajectory using an optimal resolution schedule derived from the spectral power of pretrained models
(left). At each scheduled transition, our spectral noise expansion mechanism (right) injects high-
frequency noise at the correct level while preserving the partially-denoised low-frequency content.

denoised low-frequency content. We further derive optimal resolution transition times directly from
the model's power spectrum, determined by a single error-tolerance hyperparameter.

Our framework applies directly to state-of-the-art pretrained diffusion and ow-matching models
without architectural modi cations. We demonstrate the exibility of our framework across three vi-
sual generation modalities: latent-space image gener@®B], pixel-space image generatidbg],

and latent-space video generati@®2][ In a training-free setting, our method delivers immediate
speedups on existing pretrained models. We additionally introduce a ne-tuning recipe that further
improves ef ciency and quality, a direction previously unexplored for progressive-resolution gener-
ation. Extensive experiments show speedups of up ton image generation arti5 on video
generation, outperforming prior spatial acceleration methods in both runtime and visual delity.

To summarize:

» We propose a progressive-resolution generation framework guided by the spectral autoregres-
sion of diffusion models, that applies directly to pretrained models and improves ef ciency.

» We introduce a principled spectral noise expansion mechanism and derive optimal resolution
transition times from the model's power spectrum.

» We demonstrate our framework on both image and video generation models, supporting
both training-free inference and ne-tuning while maintaining high generation quality.

2 Related Work

Spectral-domain designs in diffusion models. The seminal discussion by Dielefi@ton the
spectral autoregression property of diffusion has inspired many spectral-domain designs in diffusion
models. Most of these model€4, 121, [65, 46, [29, (11, [6Q] require training from scratch, making
them incompatible with existing pretrained image and video generation m@dak, [77,/89]. Other
methods use frequency-aware l0s$&%(6], autoencoder regularizatiofd4], or noise schedule&ip,
3,113,[14] to improve the generation quality of existing models but do not improve ef ciency. Recent
training-free methods use spectral-domain designs for ef cient high-resolution genedaliGa,|81].
However, as they require fully denoised lower-resolution images, their overall ef ciency gains are
limited. Our method leverages similar insights of spectral autoregression but progressively grows
resolution within a single denoising trajectory, achieving greater ef ciency gains while maintaining
compatibility with pretrained models.

Progressive resolution for ef cient generation. Progressive resolution approaches have been
proposed to improve generation ef ciency by reducing token counts early in the denoising process.
However, most existing method2d, (34,161, [78,133,19,(70, 96, 59 require training from scratch due

to model-speci ¢ architectures, limiting their compatibility with pretrained models. Current training-
free [80,132,10, 95,166 and ne-tuning progressive resolution approactig [76] either require

signi cant heuristics-based hyperparameter tuning or specialized modules that limit their effectiveness
and their compatibility with adaptation methods such as LdRA.[Progressive resolution generation

has also been explored in visual autoregressive mddél28, 67, 30], where next-token prediction

is reformulated as next-scale prediction. Our method uniquely leverages the spectral autoregression
property of diffusion models to design a principled progressive resolution growing mechanism for
ef cient image and video generation using minimal hyperparameters. Furthermore, our method is
fully compatible with current pretrained models for both training-free inference and ne-tuning.



Other methods for ef cient generation. Aside from progressive resolution pipelines, a wide
variety of acceleration methods have been proposed for ef cient generation. Model distillation
approaches reduce the number of denoising steps by training a student model to approximate the
outputs of a pretrained teach&l] 90, 92, 54, 83, 71]. Feature caching approaches reuse features
across denoising timesteps to reduce redundant computd®®q, 50, 55]. Token merging
techniques identify redundant tokens and merge similar tokens based on prede ned he&8sds [

4, 37, 86, 43, 16]. Sparse attention mechanisms identify sparse patterns in the attention maps and
use block-wise calculations to improve ef ciencyd, 87, 93, 36, 85, 8, 2]. In this paper, we present

an orthogonal and complementary progressive resolution generation approach that accelerates both
image and video generation through spectral-domain transformations.

3 Preliminaries

3.1 Diffusion Models and Flow Matching

Diffusion models p5, 75] de ne a generative process that gradually transforms samples from a
simple prior (e.g. Gaussian) to data samples via a learned reverse-time process. Flow Matching
[52, 48] reformulates the diffusion process as a continuous-time optimal transport problem and learns
a velocity eld that deterministically transforms noisy samples to data samples along straight paths.

Speci cally, given a clean data poirt sampled from a data distributign,, and a noise sample
x1 = N(O;1), the noise-to-data path is a straight line de ned by
Xt = (1 t)x o +t; t 2 [0;1]: 1)
A neural networky (x¢;t) is trained to predict the target velocity = x ¢ with the following
objective:
Low() = E txo; kv (Xii) (X o)k? : (2)

A network with suf cient capacity that is trained on enough data converges to the Bayes-optimal
velocity predictor v (x¢;t) =v (X¢;1t) [52, 48].

During inference, data samples are generated through sampling from the& pridr(0;1) and
solving the probability- ow Ordinary Differential Equation (ODE)} = v (X¢;t). Due to its faster
training and stable convergence, recent image and video generative mtidéls12, 77] have
increasingly adopted the ow matching paradigm.

Most state-of-the-art diffusion and ow matching models adopt the Diffusion Transformer (DiT)
architecture 3], which processes tokens through a sequence of self-attention and Multilayer Percep-
tron (MLP)-based operations. This motivates our approach to reduce the number of tokens processed
along the denoising trajectory using the spectral autoregression property of diffusion models [9].

3.2 Spectral Autoregression in Diffusion Models

Natural images exhibit a characteristic power-law de&}, which is the foundation of the spectral
autoregression property of diffusion moded$ [Speci cally, let =f , g, be a spectral basis
indexed by frequency2  (e.g., Fourier17], discrete cosinel]], or Haar wavelet22)), and denote
the associated spectral transformatiorifby We de ne the per-frequency signal power, or power
spectrum, of a data distributi%raaqhas i

P = Ey, xg) 2 ; where>§) :=hxg; riunderT : 3

When paarepresents natural images, B known to exhibit a power-law decay, that is

P/ : (4)
with the exponent term typically in the rang@ [2; 3] [9, 14]. We validated similar trends in both
image and video latent representations of modern latent-space diffusion models (see Fig. 2).

The power-law decay d?, in Eqg.(4) implies that high frequencies carry substantially weaker signal
than low frequencies. Since the Gaussian noiadded during the forward process has a at, i.e.
frequency-independent, power spectrum, higher frequencies are dominated by noise early in the
denoising trajectory. In this work, we leverage this spectral autoregression property to progressively
grow resolution within a single denoising trajectory via spectral domain transformations for ef cient
image and video generation.



Figure 2: Diffusion process in the spectral domain. Latent power spectra in both image and video
models decay rapidly with frequency (Fig. (a)), consistent with natural images. Diffusion exhibits

a frequency-domain autoregressive structure (Fig. (b)) due to the aforementioned property: low
frequencies emerge early in the denoising process, while high frequencies remain noise-dominated.

4 Spectral Progressive Diffusion

In this section, we present a spectral-transformation-based progressive generation framework that
enables arbitrary resolution transitions within a single denoising trajectory for pretrained image and
video generation models (Sec. 4.1). We then derive an optimal resolution transition schedule based on
power spectrum analysis and resolution-dependent frequency limits (Sec. 4.2). Finally, we introduce
a principled ne-tuning strategy to further improve both generation quality and ef ciency (Sec. 4.3).

4.1 Training-Free Inference with Spectral Noise Expansion

Motivated by the spectral autoregression property of diffusion (Sec. 3.2), we progressively increase
image resolution by injecting higher-frequency components along the denoising trajectory using
a spectral transformation. Our framework applies natively to existing pretrained image and video
generation models, without additional custom modules or architectural modi cations.

Given an orthonormal spectral basislet T andT® denote the forward and inverse spectral
transformations. We de n& progressive resolution scalegs, where0 <s; <s, < <sg=1,

and their corresponding resolution transition timgs; ,with1>t, > >t g; >0, thatare
matched to the noise schedules of pretrained models. We denote the nal full-resolution state as
xgs 2RCETHW  "and assume stage i runs at spatial resolutiphi{s;W) fort 2 (t i; ti1 1.

At each transition timé;, we expand the current low-resolution stafe 2 R€T¢ i W)

to the next resolution stateg™ 2 RCTE w1 ME w W) ysing spectral noise expansion and
timestep alignment (see Fig. 1).

Spectral noise expansion. Given a Iow-resolutionﬁi at transition time; , we expand its resolution
to the next scalejs, through the following steps:

(i) Compute the spectrurrfi‘ =T (x{') supported on the frequency sej, representable at
scale s.

(i) Embed fi‘ in the lower-frequency part of the spectrum fog,, and lltheslots ¢,, n ¢
withti, N(0;1)toget ™ .

(iii) Convert the spectrum back to spatial domaﬁﬁ1 at resolution(sj+1 H;si+1 W) via
Si+1 1 Si+1
Xti = T ( ti )

Steps (i)—(iii) expand the resolution scale frgnto sj.; for xfi”l by injecting high frequencies at
the correct noise level while preserving the partially-denoised low-frequency contefit of x
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Overall Image quality Text alignment

Method Speedup (s) " TFLOPs #

ImageReward " CLIP-IQA ™ NIQE # T2I-Comp. " GenEval "
FLUX (50 steps) 1.00 2991.01 1.095 0.707 6.75 0.634 0.698
RALU [32] 1.58 1749.94 1.028 0.712 6.07 0.613 0.648
Ours (S =2) 1.66 1755.22 1.049 0.719 6.43 0.617 0.654
FLUX (10 steps) 4.84 610.02 0.981 0.679 6.93 0.618 0.647
Bottleneck [80] 4.67 571.23 0.889 0.661 9.16 0.620 0.687
RALU [32] 4.98 540.47 1.022 0.700 6.43 0.626 0.652
Ours (S =2) 5.77 500.34 1.059 0.696 6.69 0.624 0.655
Ours (S = 3) 6.09 469.15 1.042 0.701 6.53 0.623 0.637
FLUX (7 steps) 6.62 431.45 0.920 0.660 8.25 0.594 0.583
Bottleneck [80] 6.64 431.52 0.792 0.631 8.71 0.605 0.672
RALU [32] 6.69 426.01 0.999 0.681 6.87 0.633 0.682
Ours (S =2) 6.78 427.03 1.039 0.689 6.78 0.620 0.667
Ours (S =3) 7.09 406.24 1.015 0.694 5.99 0.627 0.637

Table 1: Training-free quantitative comparisons on FLUX.1-dev40]. Image resolution i4024

and baseline rows are copied from Table 1 in RAL32][ We group results based dn 5 ;7

speedup settings where progressive resolution approaches are applied in combination with reducing
denoising steps. Our method improves the speed—quality tradeoff across all speedup settings compared
to baseline approaches. Further evaluation details and comparisons are shown in Appendix Sec. D.1.

Timestep alignment. As is orthonormal, the high-frequency noise padding i, n , raises
the overall noise level of the enIargE{i}+1 , which makes it no longer correspond to the original
timestep t. We therefore rescale the inverse-transformed output and re-index the timestep by:

si Si+1 =S si
X' i+1 :: i+1 ' 5
6 T I+(Gmes) Dt T ®)
where _
£ o= (siv1 =S)ti ©)

1+((siv1 =) Dt i’
Eqg. 5 and Eq. 6 give us the aligned st&ﬁél at the aligned timestefp. The integration of the

probability- ow ODE then resumes at resoluti¢s.1 H; si+1 W) until the next transition timé; .

The full derivation of Eqs(5)(6) is provided in Appendix A.2. In practic& ands;.s are chosen

to align with the multi-resolution training distribution of pretrained generative models. By default,
we choosél as the Discrete Cosine Transform (DCT) With discrete cosine basis. Alternative
spectral transforms (such as Discrete Wavelet Transform (DWT) and Fourier Transform (FFT)) are
compared and evaluated in Sec. 5.4.

4.2 Optimal Resolution Schedule

Section 4.1 described our progressive resolution transition mechanism during the denoising process
given a predetermined resolution transition schedule; . In practice, while increasing the
number of resolution scalé&simproves token ef ciency, it introduces additional transition times as
hyperparameters to tune. As a result, existing progressive resolution approaches typicaByditit

or leavet;.s1 as a brittle, model-speci ¢ design choicg&( 32]. In contrast, our method supports

an arbitrary number of resolutioi@sand arbitrary resolution scalegs. In the following section,

we derive a -optimal resolution schedule for pretrained ow matching models that determines the
optimal transition times;ts ; from a single error threshold parameter independent of S.

Spectral-domain ow matching. The spatial-domain ow matching forward process de ned
in Eqg. (1) can be written in the spectral domain under transformaftionith orthonormal basis
=f 19
O =@x O o+t 0O 12 (7

where ® :=h; ,i. By orthonormality of , ® N(0;1) isi.i.d. Gaussian noise for each

I'2 . We denote the per-frequency component of the Bayes-optimal velocity predictor described
in Sec. 3.1 bw® (x;;t). We then determine when a spectral componeis noise-dominated

in Proposition 1 and link this to spatial resolution to derive thaptimal resolution schedule in
Proposition 2.



Method Speedup (s) " TFLOPs # ImageReward " CLIP-IQA™ NIQE # T2I-Comp. " GenEval "

Z-lmage (50 steps) 1.00 4941.23 0.965 0.700 5.41 0.731 0.745
Ours (TF, S = 2) 1.65 3132.03 0.904 0.688 5.87 0.658 0.730
Ours (LoRA, S = 2) 1.65 3132.03 0.982 0.699 5.72 0.725 0.731
Ours (TF, S = 3) 1.74 2871.09 0.875 0.690 5.59 0.650 0.682
Ours (LoRA, S = 3) 1.74 2871.09 0.954 0.697 5.75 0.717 0.728
PixelGen (25 steps) 1.00 65.36 0.921 0.734 5.95 0.574 0.794
Ours (TF, S = 2) 1.60 33.72 0.799 0.718 6.10 0.568 0.782
Ours (LoRA, S = 2) 1.55 33.72 0.913 0.728 5.87 0.580 0.776

Table 2: Fine-tuning quantitative comparisons on latent- (Z-Image4]) and pixel-space image
generation (PixelGen p6]). Image resolution i4024 for Z-lmage anb12 for PixelGen. Across

both latent- and pixel-space image generation, our ne-tuning method bridges the gap between
model pretraining and progressive resolution inference, further improving generation quality while
preserving ef ciency gains. Further evaluation details and comparisons are shown in Appendix
Sec. D.2.

Proposition 1 (Per-frequency -optimal activation time): Under the simpli ed modelling assump-
tionxy N(O;P ,)with P, >0 forallt t | and 2(0;1), we have:
[
E v xgty © % (8)
where t is the -optimal activation time for !:
t o= —_ 9)
1+

Pr (1+Py )

Intuitively, fort t , , spectral componentis noise-dominated as its optimal velocity predictions are
approximately noise(’) . Aftert, , the signal power overcomes the error toleranead structural
information is recovered. The proof of Proposition 1 is given in Appendix Sec. A.3. We further
include empirical evidence supporting Proposition 1 in Appendix Sec. B.

Proposition 2 (Per-resolution -optimal transition time): Under the setting of Proposition 1, and
assuming?; is monotonically decreasing jtj (consistent with the power-law decay K4)), for
any resolution scalg ssi+; , the optimal transition time from scalg 8p to §.1 is

t, = !rz’ﬂiHSi U= Uizs 1 (HW) (10)
where g is the set of frequencies representable or(sh; s; W) grid. The maximum representable
frequency of the full-resolution spatial gricds, =! max (H; W) = min(H; W)=2 is given by the
Nyquist—-Shannon sampling theorem [62, 72].

Proposition 2 connects frequency activation times with spatial resolution transitions through the
Nyquist limit. Itimplies that high-resolution computation in early denoising steps is redundant as most
representable frequenciksare still noise-dominated, motivating our approach of Spectral Progressive
Diffusion. We apply spectral noise expansiort;ato progressively increase resolution precisely
when ner details emerge from noise, thereby maximizing token ef ciency. The hyperparameter

is independent 08, making our method particularly robust to tuning compared to prior methods.
The proof of Proposition 2 is deferred to Appendix A.4 and we analyze the effect of the number of
resolution stages S and the tolerance in Sec. 5.4.

4.3 Spectral-transformation-based Fine-tuning

While Spectral Progressive Diffusion is compatible with pretrained image and video generation mod-
els in a training-free manner (Sec. 4.1), it implicitly assumes multi-resolution generation capability of
pretrained models across scades . Moreover, our optimal resolution schedule (Sec. 4.2) may not
accurately re ect pretrained models' training dynamics, potentially introducing training-inference
gaps. In this subsection, we outline a spectral-transformation-based ne-tuning approach that directly
follows our Spectral Progressive Diffusion framework and our optimal resolution schedule. We
include additional implementation details of our ne-tuning framework in Sec. 5.2 and Appendix
Sec.D.2.



Method Speedup (s)"  TFLOPs # Subject Background Motion Dynamic  Aesthetic Image

Consistency " Consistency " Smoothness" Degree"  Quality " Quiality "
WAN 2.1 (50) 1.00 119292 0.9492 0.9621 0.9874 0.4800 0.5993 0.6133
WAN 2.1 (25) 2.00 59646 0.9434 0.9597 0.9879 0.4250 0.5893 0.5706
Ours (S = 2) 2.03 57417 0.9462 0.9598 0.9859 0.4950 0.5975 0.6114
Ours (S =3) 2.54 45953 0.9299 0.9499 0.9815 0.5700 0.5696 0.5990

Table 3: Quantitative comparison on latent-space video generation on WAN 2.77]. Video
resolution is maintained at 720P. Our training-free approach demonstrates mofe tepaedup
while maintaining high generation quality and outperforming the 25-step full-resolution baseline.

Resolution-speci ¢ velocity targets. We assum® progressive resolution scalegs and their
corresponding -optimal resolution transition timds.s ; from Sec. 4.2 (denoted heretasnstead
of t; for simplicity). For resolution stagie the model operates at scalefort 2 (t ;;tj1 ], where
ti1 isthe aligned timestep obtained from K@) after expanding fronsj; tos; at transition time
ti1 . The state at the beginning of the stage hence the enlarged and timestep—aligngg . The

model is ne-tuned to follow a straight-line path froxri‘l to the standard ow-matching state at

the next transition time:
Xg = (1t j)xg +t; S (11)
wherexg denotes the clean data sample at sepl@he corresponding stage-speci ¢ velocity target

is therefore:

Si Sj

x X
ysi= b 1 (12)
Gt

Training and inference. At each training step we samplg p ganandt U(0;1) . We assign
t to the resolution stagesatisfyingt 2 (t i;ti1 ], and then sample® N(0;1) at scales;. We
construct the stage inpmﬁi‘1 by applying the same spectral noise expansion and timestep alignment

used at inference, where newly introduced spectral coef cients are lled using T ( ). We use
the same S to construct the endpoimftfii from Eq.(11), so thabei‘1 andxfii are correlated through

a shared noise realization. The training sample is the point on the straight path between them:
Xg =X oHEt v, (13)
with target velocity V¥ from Eq. (12).
We ne-tune a pretrained model by minimizing
L() = E txo kv (X750) v 5K (14)
At inference, we use the same procedure as in Sec. 4.1 with the ne-tuned model, using the same
resolution schedule 1 and transform T.

5 Experiments

5.1 Setup

We extensively evaluate our Spectral Progressive Diffusion framework on latent-space image genera-
tion with FLUX.1-dev [40] and Z-Image [5], covering both training-free inference acceleration and
ne-tuning with LoRA [27]. We further demonstrate that our framework applies to pixel-space image
generation with PixelGen-XXL/16 T2156] and latent-space video generation with WAN 2.1-T2V-

1.3B [77]. Each pretrained backbone uses its native resolution and default model-speci ¢ inference
schedule.

For latent- and pixel-space image generation, we follow RALB3 Evaluation protocol, reporting
ImageReward§8] for overall quality, CLIP-IQA B4] and NIQE B8] for image quality together

with T2I-CompBench 28] and GenEval 18] for prompt alignment. For video generation, we report
VBench B]] scores across its standard evaluation dimensions. We report total FLOPs integrated over
the full denoising trajectory using the same convention as RALU and end-to-end normalized wall-
clock speedup. We use= 0:01 and Discrete Cosine Transform (DCT) as our spectral transformation

T across the experiments and include ablation studies & andT in Sec. 5.4. We include
additional implementation and experimental details in Appendix Secs. D and E.
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Figure 3: Visual Generation Qualitative Comparisons. For the main comparison of latent-space
image generation, our method outperforms the state-of-the-art spatial acceleration method32ALU [

in both visual delity and inference speed. Across all evaluated modalities (latent/pixel-space image
generation and latent-space video generation), we achieve substantial acceleration over standard
high-resolution baselines while preserving generation quality.

5.2 Latent- and Pixel-Space Image Generation

Training-free acceleration. In Table 1 and Fig. 3, we compare our training-free acceleration ap-
proach (Sec. 4.1) on FLUX.1-dev with training-free acceleration baselines that implement progressive
resolution growing, including Bottleneck Samplir@] and RALU [32]. Additional FLUX.1-dev
comparisons are included in Appendix Sec. D.1. Our approach consistently improves the speed-
quality tradeoff over other methods across all three evaluated speedup regimes. In@eaging

to S = 3 further improves ef ciency, offering up t@:36 FLOPs speedup and09 wall clock
speedup while maintaining high generation quality.

Spectral-transformation-based ne-tuning. In Table 2, we demonstrate that our spectral-
transformation-based ne-tuning method (Sec. 4.3) further improves image quality and ef ciency
compared to training-free acceleration. Since FLUX.1-dev is guidance-distilled and its base model is
not open-sourced, we select Z-Ima&gds the base model for our latent-space image ne-tuning
experiments. All models are ne-tuned with LORA&T] using rank 32 for 2000 iterations in both
latent-space and pixel-space image generation experiments. Across both latent- and pixel-space image
generation, our ne-tuning framework narrows the gap between training and inference, further im-
proving generation quality while maintaining ef ciency gains. We include additional implementation
details and results in Appendix Sec. D.2.

5.3 Latent-space Video Generation

We further demonstrate the exibility and robustness of our training-free acceleration approach on
latent-space video generation (Table 3, Fig. 3). To our knowledge, there are no diffusion acceleration
approaches that were validated on all three generation modalities presented in Secs. 5.2-5.3. We
observe trends consistent with image generation, where our method achieves signi cant speedups
while preserving generation quality. We include additional implementation details and results in
Appendix Sec. E.



	Supporting Definitions and Proofs for Section 4.2
	Definitions
	Justification of Timestep Alignment
	Proof of Proposition 1: Per-frequency -optimal Activation Time
	Proof of Proposition 2: Per-resolution -optimal Transition Time

	Empirical Validation of the Per-frequency Activation Criterion
	Additional Details on Power Spectrum Measurement
	Additional Details and Results on Image Generation
	Training-free Acceleration of Latent-space Image Generation
	Spectral-transformation-based Fine-tuning for Latent- and Pixel-Space Image Generation

	Additional Video Generation Results
	Extended Ablation Studies
	Additional Frequency-based Image Editing Details
	Broader Impacts
	Existing Assets and Licenses

