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Figure 1. (a) Qualitative comparison of stylization outcomes between AdaPhase and existing frequency-based diffusion stylization mod-
els [10, 14, 56]. (b) The frequency-manipulated latent trajectory of AdaPhase maintains close proximity to the predefined inversion path.
This enables content-preserving stylization by allowing the final latent to converge near the inversion endpoint (zinv

0 ). We demonstrate this
through a PCA-based projection of latent trajectories in Sec. 5.2. For (a) and (b), we use four content images from the DIV2K dataset [1].

Abstract

We propose AdaPhase, a training-free stylization method
for diffusion models that achieves stylization without com-
promising content by modulating frequency and leveraging
the signal-to-noise ratio (SNR). Text-guided image styliza-
tion fundamentally struggles with the trade-off between pre-
serving content structure and generating stylistic attributes,
and existing training-based approaches incur high compu-
tational costs. Recent training-free frequency-based meth-
ods successfully disentangle content and style but often suf-
fer from over-stylization. This results from a lack of analysis
regarding the implications of frequency manipulation in la-
tent space and a reliance on heuristic strategies. AdaPhase
consists of low-frequency phase refinement derived from
DDIM inversion latents to align the denoising trajectory to-
ward the predefined inversion path. To ensure AdaPhase
generates stylistic attributes flexibly without compromising
the content structure, we introduce adaptive spectral align-
ment that scales the refinement range through an analyt-

ical assessment of the noise power at each timestep. We
demonstrate that AdaPhase effectively resolves the content-
style trade-off, evidenced by PCA-based projection of latent
trajectories and qualitative/quantitative comparisons. The
code is available at https://github.com/Shape-
Lab/AdaPhase.

1. Introduction

Text-to-image diffusion models [37] have been widely
adopted beyond simple image generation. Leveraging
strong priors learned from large-scale datasets [39], these
models are increasingly utilized for artistic image styliza-
tion. Fundamentally, the essence of this diffusion styliza-
tion lies in how to fuse two disparate visual instructions pro-
vided via user prompts—what to draw (content) and how to
draw (style)—within the diffusion model’s latent space.

Prompt-based diffusion stylization can be categorized
into two types: (1) using content text with a style image,
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and (2) using a content image with style text. In the first
setting, stylization is typically achieved by manipulating at-
tention mechanisms during the denoising process. Recent
works inject the stylistic attributes of the style image into at-
tention layers as keys and values [4, 34, 38, 45], or modulate
feature statistics in attention [16, 28]. These methods dis-
entangle spatial structure and extract style from the image,
but the content text provides high-level semantic guidance
without rigorous structural constraints.

In contrast, the second setting requires the model to
translate style text into stylistic attributes while preserving
the structure of the content image during generation. Un-
der such constraints, these competing objectives inevitably
induce a content-style trade-off. Thus, balancing this trade-
off is a key challenge in text-guided image stylization of
diffusion models. Recent studies address this issue by em-
ploying external control adapters [54], fine-tuning on large-
scale datasets [2, 12, 47], training additional learnable pa-
rameters for style guidance [19, 57], or using test-time opti-
mization [50]. However, these approaches require substan-
tial additional training or increase inference latency.

To mitigate these limitations, recent studies [10, 14, 56]
propose training-free stylization methods that manipulate
the frequency in latent space, inspired by signal processing
theory in pixel space. These methods offer a compelling
framework for disentangling content structure and stylis-
tic attributes. Despite their promise, they directly trans-
fer pixel-space intuitions without sufficient analysis of what
frequency manipulation implies in latent space. They also
lack a principled justification for how frequency manipula-
tion should vary across denoising timesteps, relying instead
on heuristic evaluation. Consequently, existing frequency-
based methods often over-stylize and distort content details,
as shown in Fig. 1(a). This indicates that these methods do
not fully overcome the trade-off between content and style.

We introduce AdaPhase, a novel training-free styliza-
tion method that achieves stylization while preserving con-
tent by leveraging frequency domain properties and the dif-
fusion model’s SNR. We inject the low-frequency phase of
the content image’s DDIM inversion latents [41] into the
denoising process. This refinement shifts latents toward
the predefined inversion path and ensures the preservation
of content structure, as illustrated in Fig. 1(b). PCA-based
projection of latent trajectories demonstrates that our strat-
egy effectively aligns the latents, particularly at timestep
t = 0. Furthermore, observing that high noise energy ren-
ders structural predictions unreliable, we adaptively reduce
the injection range proportional to the noise power of the
diffusion process. This enables the generation of stylistic
attributes without compromising the content structure.

Our main contributions are summarized as follows:
• We present a training-free framework that utilizes low-

frequency phase refinement within the denoising process

for content-preserving stylization, without the need for
complex sampling control techniques.

• We introduce an adaptive spectral refinement that system-
atically modulates the frequency range based on the noise
power at each timestep to ensure both effective stylization
and content preservation.

• By analyzing frequency-manipulated latent trajectories
via PCA, we identify that content preservation is achiev-
able through inversion path alignment.

• Our method resolves the trade-off between content and
style and outperforms existing state-of-the-art methods in
both qualitative and quantitative comparisons.

2. Related Work

2.1. Text-guided Image Stylization
Conventional image stylization methods rely on a refer-
ence style image to transfer artistic features to the content
image [11, 20, 23, 30]. Breaking this paradigm, CLIP-
styler [26] pioneered text-guided image stylization by lever-
aging the text-image embedding space of a pretrained CLIP
model [35]. Following the rapid advancement of diffusion
models, recent studies have increasingly focused on text-
guided diffusion stylization. The standard denoising pro-
cess starts from random noise, which inherently disrupts
the source image structure. Addressing this, existing ap-
proaches typically employ auxiliary modules with training
schemes to maintain structural integrity [2, 12, 19, 47, 54,
57]. However, these methods face high training costs, and
some exhibit inconsistent style adherence. ControlNet [54]
incorporates spatial conditions but imposes constraints that
limit the geometric deformations needed for stylization. In-
structPix2Pix [2], trained on synthetic data, often prioritizes
content preservation over faithful stylization.

In parallel, training-free approaches manipulating the de-
noising process have emerged to eliminate the need for
training. Plug-and-Play [43] injects features and self-
attention maps from the DDIM sampling into the U-
Net [37]. DiffArtist [22] controls the U-Net’s attention and
skip connections based on two independent diffusion trajec-
tories. Despite their efficiency, these methods often strug-
gle to balance content preservation and stylization. This is
largely due to the structural entanglement in diffusion mod-
els; the text conditioning via cross-attention influences both
semantics and spatial layout simultaneously [15, 37].

2.2. Frequency Analysis in Diffusion Models
Diffusion models exhibit an inherent frequency bias [8, 21,
36, 51]. By integrating this insight with classical signal pro-
cessing theory, recent studies leverage frequency domain
analysis to improve training mechanism or generation qual-
ity [8, 18, 21, 36, 40, 51, 53]. Huang et al. [21] identify
that standard Gaussian white noise inadequately represents



the frequency components reconstructed by the denoising
network. They propose injecting blue noise characterized
by predominantly high-frequency components during the
training process. FreeU [40] observes that skip connections
in the U-Net primarily transmit high-frequency features to
the decoder. They strategically reweight the contributions
sourced from the U-Net’s skip connections and backbone
feature maps without additional training.

These approaches have been extended to diffusion
stylization by controlling the denoising process. FB-
SDiff [10] extracts and transplants specific frequency
bands (low/mid/high) of latents from the DDIM sam-
pling using discrete cosine transform and binary masking.
FreeStyle [14] generates separate content and style features
in a dual-stream encoder and modulates their frequencies in
a single-stream encoder. Zhang et al. [56] apply spectrum
fusion using the phase and magnitude extracted from the
content image, alongside semantic injection. These meth-
ods demonstrate that integrating frequency perspectives en-
ables training-free image stylization. However, the impact
of frequency manipulation on the latent trajectory remains
underexplored in these methods, which often compromise
content preservation. Moreover, their manipulation strate-
gies per denoising timestep are determined heuristically.

3. Preliminaries
3.1. Deterministic Trajectories in LDM
Diffusion models comprise a diffusion process that progres-
sively injects Gaussian random noise into data and a reverse
denoising (sampling) process that reconstructs the data to
generate new samples. To mitigate computational complex-
ity, Latent Diffusion Model (LDM) [37] operates within a
compressed latent space rather than in pixel space.

While the diffusion process is typically formulated as a
stochastic differential equation (SDE), it can alternatively
be modeled as a probability flow ordinary differential equa-
tion (PF-ODE) [42]. This deterministic process shares the
same marginal probability density pt as the SDE at any
given timestep t. In the latent space zt ∈ Z , the PF-ODE is
defined as:

dzt =

[
f(zt, t)−

1

2
g(t)2∇zt log pt(zt)

]
dt, (1)

where f(zt, t) and g(t) denote the drift and diffusion co-
efficients of the SDE, respectively, and ∇zt log pt(zt) rep-
resents the score function. The PF-ODE yields a unique
deterministic trajectory based on zt and t. This guarantees
an invertible mapping between the initial latent z0 and the
noise prior zT ∼ N (0, I), where T is the total number of
diffusion timesteps. In this framework, denoising integrates
from t = T to 0, whereas inversion integrates from t = 0 to
T . In practice, the score function is approximated by a neu-

ral network (e.g., U-Net), and the ODE is solved using dis-
cretized numerical solvers (e.g., DDIM and Euler method).
These solvers converge to the PF-ODE solution with con-
trollable error bounds under sufficiently small step sizes.

3.2. Frequency Analysis in Latent Space
In the frequency domain analysis of images, low-frequency
components form the global structure and semantic content,
whereas high-frequency components capture fine-grained
details such as edges and textures. Furthermore, the struc-
tural information and identity of an image are predomi-
nantly governed by the phase [32]. Preserving the phase
enables reconstructing the original structural features, even
if the magnitude is discarded or replaced. Conversely, the
loss of phase renders the image content unrecognizable.

Since the latent space represents a perceptually equiva-
lent mapping of the pixel space [37], these spectral charac-
teristics are similarly preserved. The low-frequency com-
ponents in the latent space encode semantic content [18, 40,
51], and the phase plays a role in determining the structural
geometry [53]. Given a latent z ∈ RC×H×W , the 2D dis-
crete Fourier transform can be applied channel-wise. Let
zc(h,w) denote the value at spatial coordinates (h,w) for
the c-th channel. The forward transform F and its inverse
F−1 are defined as:

Zc(u, v) = F (zc) (u, v)

=

H−1∑
h=0

W−1∑
w=0

zc(h,w)e
−j2π( h

H u+ w
W v), (2)

zc(h,w) = F−1 (Zc) (h,w)

=
1

HW

H−1∑
u=0

W−1∑
v=0

Zc(u, v)e
j2π( u

H h+ v
W w), (3)

where j2 = −1, and (u, v) represents the frequency coordi-
nates. Here, Zc denotes the frequency representation of the
channel c. For notational simplicity, we omit the channel
index c in the following equations, as all spectral operations
are performed in a channel-wise manner.

4. Method
The overall pipeline of AdaPhase is illustrated in Fig. 2.
Based on the observations in Sec. 3.2, we propose a method
that injects the low-frequency phase of the source latents—
extracted via the DDIM inversion process—at each timestep
of the denoising process. This process effectively rectifies
the latent trajectory, prevents drift, and constrains it to stay
close to the inversion path to ensure content preservation.

4.1. Low-frequency Phase Refinement
Diffusion models tend to restore low-frequency components
before generating high-frequency ones [8, 21, 36, 51]. No-
tably, the low-frequency component of the noise serves as
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Figure 2. Overall pipeline of AdaPhase. (a) Direct linear interpolation of the phases ϕinv
t and ϕt can introduce phase wrapping artifacts

due to periodicity. To mitigate this, we map the phases onto the complex plane C as unit vectors, compute their weighted sum, and project
the result back onto the unit circle. This channel-wise operation preserves the unit norm of the original phase vectors. For DDIM inversion,
we use empty-text conditioning. (b) The scheduling factor λt adaptively controls the standard deviation of Gσt based on the timestep.

a structural seed for generation [46]. Since the latent is ini-
tialized with Gaussian noise, the structural information pre-
dicted early in the denoising process often fails to align with
the original image. Instead of relying on the low-frequency
phase predicted by the model, we selectively replace it with
the phase derived from the source DDIM inversion latents.

Given a content image x0, we first encode it into the
latent space to obtain z0 and perform DDIM inversion to
compute the reference path {zinvt }γT−1

t=0 . The generative
process is initialized at zγT —obtained by diffusing z0 to
timestep γT with denoising strength γ ∈ [0, 1]—and de-
noises it conditioned on a target style text. At each timestep
t, we transform both the inversion latent zinvt and the cur-
rent generative latent zt into the frequency domain via a
Fourier transform F , obtaining Zinv

t and Zt, respectively.
To disentangle structural information from magnitude, we
extract the phase components as unit vectors, defined as:

ejϕt(u,v) =
Zt(u, v)

|Zt(u, v)|
, ejϕ

inv
t (u,v) =

Zinv
t (u, v)∣∣Zinv
t (u, v)

∣∣ . (4)

Our primary objective is to preserve the global struc-
ture of the content image by injecting the phase informa-
tion of zinvt predominantly into the low-frequency bands.
To achieve this, we employ an unnormalized Gaussian low-
pass filter Gσt (with a peak value of 1) as an interpolation
weight, represented as:

Gσt
(u, v) = e

−u2+v2

2σt
2 . (5)

This ensures a smooth spectral transition and prevents ar-
tifacts caused by abrupt frequency cutoffs. We construct
the refined phase vector ejϕ

s
t (u,v) through a spectral soft-

blending governed by Gσt
as follows:

ξ = Gσt(u, v)e
jϕinv

t (u,v) + (1−Gσt(u, v))e
jϕt(u,v), (6)

ejϕ
s
t (u,v) = ξ/|ξ|. (7)

This operation aligns the phase with the inversion path in
low-frequency regions (where Gσt ≈ 1), while retaining the
generative phase in high-frequency regions (where Gσt ≈
0). The resulting phase vector thus bridges the source and
generative components effectively.

We construct the refined frequency representation Zs
t by

combining the phase vector ejϕ
s
t with the original magni-

tude from the generative latent as

Zs
t = |Zt| ejϕ

s
t . (8)

An inverse Fourier transform F−1 is then applied to recover
the updated spatial latent zst as

zst = F−1(Zs
t ). (9)

This frequency-guided refinement is applied iteratively for
all predefined t ∈ {γT − 1, . . . , 0}. Upon reaching the
final timestep (t = 0), the resulting latent zs0 is decoded to
produce the final stylized image xs

0.

4.2. Adaptive Spectral Alignment
As discussed in Sec. 4.1, noise injected during the initial
timesteps can introduce deviations from the source image’s
underlying structure. This implies that high noise energy in
these steps renders structural predictions unreliable.

From this perspective, we propose adaptive spectral
alignment. This strategy adaptively modulates the fre-
quency range in proportion to the noise power at each
timestep. The core idea is to expand the low-frequency
phase refinement range during high noise energy intervals,
which are characterized by high uncertainty, to enforce
structural consistency. Conversely, as the process transi-
tions to low noise energy intervals where noise is reduced
and reliability improves, we gradually narrow the range to
allow for greater generative freedom.

To quantify this, we utilize the signal-to-noise ratio
(SNR). Given the noise schedule of the diffusion process,



the SNR at timestep t is derived as [5, 13]:

SNR(t) =
(
√
ᾱt)

2

(
√
1− ᾱt)2

=
ᾱt

1− ᾱt
, (10)

where ᾱt =
∏t

s=1 αs denotes the cumulative product of the
noise schedule terms [17]. We design the standard deviation
σt of the Gaussian low-pass filter Gσt

to be proportional to
the ratio of noise power to the total signal power. Specifi-
cally, this imposes stronger structural constraints in regimes
where the noise variance is dominant. Since the added noise
has zero mean, this variance is equivalent to its expected
power. Hence, the scheduling is formulated as:

λt =
λinit

1 + SNR(t)
= λinit(1− ᾱt), (11)

σt = λtrmax, (12)

where λinit is an initial injection strength hyperparameter,
and λt denotes the time-dependent scaling factor deter-
mined by the noise level. rmax represents the maximum ra-
dial distance on the discrete Fourier transform grid, i.e., the
Euclidean distance from the center to the farthest corner.

This strategy can be justified by Parseval’s theorem: the
total energy of a signal is conserved across both spatial
and frequency domains. In the diffusion process, the noise
variance at timestep t is 1 − ᾱt. Since the added noise is
Gaussian white noise, its power spectrum is uniformly dis-
tributed across all frequencies. Thus, 1 − ᾱt can serve as
a proxy for the total spectral noise power. As illustrated in
Fig. 2(b), λt exhibits a non-linear, monotonically decreas-
ing trend following the schedule of ᾱt. With σt converging
to 0 as denoising progresses, the model is able to generate
detailed stylistic attributes flexibly.

5. Experiments
5.1. Implementation Details
We conduct all experiments using the pretrained Stable Dif-
fusion XL 1.0 (SDXL) [33] image-to-image pipeline. We
use the Euler discrete sampler with 50 inference steps, the
model’s default sampling algorithm. We set the denois-
ing strength to γ = 0.8, corresponding to 40 steps start-
ing from a partially noised latent. To regulate the initial
low-frequency band, we choose λinit = 0.3. Unless oth-
erwise specified, we adhere to the default hyperparameters
of SDXL. All experiments are conducted on NVIDIA RTX
6000 Ada Generation GPUs.

We utilize four distinct datasets covering diverse do-
mains: LAION-5B (web-scale images) [39], FFHQ (human
faces) [25], WikiArt (artistic paintings) [24], and DIV2K
(high-resolution images) [1]. For Sec. 5.2, we construct a
subset of 3,000 images by randomly sampling 1,000 images
from each of LAION-5B, FFHQ, and WikiArt. For quali-
tative analysis, we select 10 images from DIV2K spanning

Table 1. Mean directional similarity and displacement error of
refined trajectories relative to the inversion path. To analyze
the trajectory evolution, the refinement strategy is applied dur-
ing the initial 40% of the process, and metrics are computed over
the subsequent 60% where refinement is deactivated. We exclude
adaptive spectral alignment for all strategies and fix λt = 0.3 for
all low-frequency (phase) strategies to evaluate pure reconstruc-
tion capability. Bold values indicate the best results.

Refinement
Source

Refinement
Type

CosSim ∥z̃invt − z̃st ∥2 ↓ ∥z̃inv0 − z̃s0∥2 ↓(∆z̃invt ,∆z̃st )↑

{zinvt }γT−1
t=0

Low-freq. Phase (Ours) 0.89±0.11 26.8±7.7 15.7±11.4
Entire Phase 0.87±0.25 58.3±12.0 30.8±7.13
Low-freq. 0.86±0.19 59.0±17.7 32.7±16.1

zinv0

Low-freq. Phase 0.82±0.33 70.8±14.1 36.2±12.2
Entire Phase 0.82±0.35 65.2±16.9 33.3±10.2
Low-freq. 0.76±0.31 78.5±13.2 36.2±14.3

- No Refinement 0.79±0.23 87.6±16.1 34.3±14.3

content types including human faces, architecture, nature,
animals, and inanimate objects. For quantitative analysis,
we build an evaluation set of 2,000 stylized images by pair-
ing 100 source images (50 randomly selected from LAION-
5B and 50 from FFHQ) with 20 curated style texts. The full
list of style texts is provided in the Supplementary Material.

5.2. PCA-based Trajectory Projection

Based on Sec. 3.1, we analyze the geometric properties of
latent trajectories. We employ principal component analy-
sis (PCA) to effectively map the high-dimensional DDIM
inversion path without significant information loss. As es-
tablished in [44], the diffusion trajectory predominantly lies
within a 2D subspace spanned by the latent zT and z0.

We define a space of the first two principal components
based on the inversion path. Since stylization has no defini-
tive ground truth, we project the refined trajectories under
empty-text reconstruction onto the inversion path to show
close alignment. We evaluate the geometric proximity to
the inversion path, as the DDIM inversion path reveals the
original image reconstruction path in reverse [41]. We note
that even if two trajectories are close in latent space at differ-
ent timesteps, their images can differ as the reconstruction
process is conditioned on t. We focus on two metrics: tra-
jectory displacement error and directional similarity. These
are quantified by the mean L2 distance between the pro-
jected inversion latent z̃invt and the projected refined latent
z̃st , and the mean cosine similarity of ∆z̃t = z̃t − z̃t+1, re-
spectively. For a comprehensive analysis, we consider mul-
tiple refinement strategies, including the entire phase and
the low-frequency (phase + magnitude). Additionally, we
vary the refinement source by utilizing both the timestep-
wise inversion latents and the static initial latent zinv0 .

As shown in Tab. 1, the trajectory obtained by refin-
ing the low-frequency phase of the inversion latents signif-
icantly outperforms other methods. These results are qual-
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Figure 3. Left: PCA plots for randomly selected samples from the LAION, FFHQ, and WikiArt datasets, as reported in Tab. 1. Right:
Visualization of decoded images of zs0 for the corresponding samples.

Table 2. PCA endpoint alignment and content preserva-
tion. For low-frequency phase refinement using the inversion path
{zinv

t }γT−1
t=0 , we select 100 samples around the first and third quar-

tiles of the PCA endpoint-displacement distribution. The lower-
displacement group achieves higher DINO and 1−LPIPS scores.

Group ∥z̃inv0 − z̃s0∥2 ↓ DINO [3] ↑ 1−LPIPS [55] ↑
Lower displacement (Q1) 7.660±0.179 0.811±0.082 0.589±0.055
Higher displacement (Q3) 20.543±0.422 0.763±0.143 0.558±0.087

itatively supported by Fig. 3. While our method closely re-
constructs original images, others tend to produce artifacts
like overly emphasized contrast or blurring. As discussed in
Sec. 3.2, high-frequency components capture fine-grained
details such as edges and textures. Consequently, preserv-
ing the entire phase spectrum, including high-frequency
components, may reduce the spatial flexibility available to
the denoising process (emphasized contrast in Fig. 3). Inter-
estingly, using the initial latent zinv0 directly as a refinement
source leads to a substantial increase in displacement error.
This suggests that naively injecting the original latent an-
chors the trajectory rigidly, disrupting the restoration of the
underlying structure. Again, we do not seek to replicate the
inversion path. Although the paths may vary due to the style
text, the final latent converges near the inversion endpoint;
this serves as a proxy for the preservation of the content
structure, and we verify its image-level relevance in Tab. 2.

5.3. Comparison of Stylization Performance
We validate AdaPhase by comparing it with seven state-
of-the-art models in two categories: text-guided styliza-
tion (CLIPstyler [26], FBSDiff [10], FreeStyle [14], Dif-
fArtist [22], and Zhang et al. [56]) and text-guided im-
age editing (ControlNet [54] and InstructPix2Pix [2]), all
of which have a style text as input. Excluding ControlNet,
InstructPix2Pix, and CLIPstyler, the remaining methods are
training-free. Among these, FBSDiff, FreeStyle, Zhang et

al., and our method leverage the frequency domain. We
use the Canny2Image model for ControlNet and configure
FBSDiff to modulate high-frequency components primarily
used for stylization, yielding the best quality. All methods
are evaluated using their optimal hyperparameters.

Qualitative Comparison. As demonstrated in Fig. 4, our
method achieves superior structural preservation while suc-
cessfully stylizing all content-style pairs. In contrast, com-
peting methods exhibit a trade-off between content preser-
vation and stylization. While FreeStyle and Zhang et al.
generate distinct styles, they suffer from the degradation of
structural details. FBSDiff fails to retain content in most
samples. InstructPix2Pix and DiffArtist often fail to mani-
fest the target style when the content structure is preserved
(e.g., columns 3, 4, and 6). Notably, InstructPix2Pix ex-
hibits structural collapse in some cases where the style is
applied (e.g., columns 7 and 10). Although ControlNet and
CLIPstyler generally maintain the content structure, they
frequently introduce unnatural color shifts and struggle to
capture stylistic attributes precisely (e.g., columns 5 and 7).

Quantitative Comparison. To verify that our method
overcomes the trade-off between content and style, we em-
ploy four metrics. LPIPS [55] measures perceptual content
preservation, while DINO score [3] assesses semantic and
structural consistency. LAION Aesthetic score [39] evalu-
ates human-perceived visual quality, and directional CLIP
similarity (dir. CLIP) score [9] quantifies how accurately
the edit direction reflects the text-driven change.

As shown in Fig. 5(a), higher DINO scores tend to corre-
late with lower Aesthetic scores in the baseline methods. In
contrast, our method achieves the highest DINO score while
maintaining a competitive Aesthetic score. Although Con-
trolNet, FreeStyle, and Zhang et al. exhibit higher Aesthetic
scores, Fig. 4 reveals that their outputs are often highly sat-
urated; the Aesthetic score has a known bias toward high
saturation [29]. Notably, these methods yield lower DINO



“mosaic art” “oil painting” “claymation” “cartoon” “voxel art” “sketching” “pixel art” “ukiyo-e” “watercolor” “cubism”
Co

nt
en

t I
m

ag
e

Co
nt

ro
lN

et
In

str
uc

tP
ix

2P
ix

CL
IP

sty
le

r
FB

SD
iff

Fr
ee

St
yl

e
D

iff
A

rti
st

Zh
an

g 
et

 a
l.

O
ur

s

Figure 4. Qualitative comparison of stylization outcomes with existing methods. Underlined models utilize the frequency domain. The
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(c) Quantitative Comparison of Decay Approaches

Figure 5. (a, b) Quantitative comparison with existing methods and (c) quantitative ablation study of different decay approaches.
We plot 1 − LPIPS so that higher values indicate better perceptual similarity. For all dir. CLIP evaluations, the source text is set to “a
photo”. Underlined models utilize the frequency domain; bold values indicate the best results.
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Figure 6. Qualitative ablation study of different decay approaches. (a) We set k = 3 to accentuate convex/concave profiles for clearer
distinction from our method. (b) To equalize injection, we set λinit = 0.4403 for the convex decay. This corresponds to the
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method (λinit = 0.3) and ensures the cumulative variance of Gσt over all timesteps matches that of our method.

scores and 1 − LPIPS, which implies insufficient preserva-
tion of high-level semantic and structural consistency.

In Fig. 5(b), we find that FreeStyle and Zhang et al.
exhibit low dir. CLIP scores despite their high Aesthetic
scores. This suggests that these methods prioritize aesthetic
quality over faithful adherence to the style text. Conversely,
our method shows a high dir. CLIP score comparable to
ControlNet, while outperforming CLIPstyler in 1− LPIPS.
Consequently, our model is positioned in the upper-right
corner of the plot, representing an optimal balance between
style editing accuracy and content preservation.

5.4. Analysis of Spectral Injection Strategy
We validate Sec. 4.2 by comparing it with three alterna-
tive scheduling strategies. These methods exhibit decay
patterns misaligned with the injection strength λt from the
SNR schedule. First, convex decay diminishes the injec-
tion strength rapidly during the early denoising stage. Sec-
ond, concave decay sustains high injection strength until the
mid-to-late stages before dropping sharply. Finally, the step
function maintains a constant injection strength for the first
60% of the timesteps and then stops completely. We addi-
tionally employ SSIM [48] to measure pixel-level structural
similarity for a granular assessment of content fidelity.

Fig. 6(a) demonstrates the impact of the decay pattern
on the generation results, and our method shows content-
style-balanced images. Convex decay results in structural
collapse, while concave decay and the step function lead
to weak stylization. Fig. 5(c) supports these observations;
our method achieves a similar dir. CLIP score to that of
convex decay without compromising the DINO score and
1 − LPIPS. The decrease in structural metrics relative to
the concave decay and step function is marginal, with a
small SSIM effect size (Cohen’s d < 0.26) [6]. Crucially,
the significantly low dir. CLIP scores of the concave decay

Table 3. Computational overhead compared with vanilla SDXL.

Methods Peak Allocated VRAM (GiB) Inversion Storage (MiB) Time (sec)

Vanilla SDXL 16.171 - 6.165
AdaPhase (Ours) 16.177 6.375 10.023

and step function indicate limited stylization. Convex decay
suffers from lower DINO scores and 1−LPIPS. We further
equalize the total spectral injection of convex decay with
our method to ensure the collapse is not due to insufficient
injection. In Fig. 6(b), convex decay fails to preserve con-
tent structure even with larger λinit. This implies the injec-
tion schedule is critical for content-preserving stylization.

5.5. Computational Overhead
As shown in Tab. 3, AdaPhase introduces negligible GPU
memory overhead, increasing the peak allocated VRAM by
6 MiB (0.037%). The increase in inference time is primarily
due to the additional DDIM inversion required to extract the
reference path. Storing the path requires only 6.375 MiB.

6. Conclusion
We introduced AdaPhase, leveraging frequency domain
properties and the diffusion model’s SNR for training-
free diffusion stylization. AdaPhase injects low-frequency
phase derived from DDIM inversion latents to maintain
the structure of the content image. This capability is sup-
ported by our analysis of PCA-based trajectory projection.
By setting the injection range proportional to the noise
power at each denoising timestep, AdaPhase can generate
stylistic attributes flexibly. Our method outperforms ex-
isting methods, including frequency-based approaches, in
both content preservation and stylization. We believe that
AdaPhase provides insights into frequency manipulation in
latent space and contributes to the framework of advanced
content-preserving stylization.
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Table A1. Categorization of style texts.

Category Style Text

Traditional Arts (8) “oil painting”, “watercolor”, “impression-
ism”, “ink wash painting”, “impasto painting”,
“sketching”, “pointillism”, “ukiyo-e”

Fragmented Forms (4) “pixel art”, “mosaic art”, “cubism”, “stained
glass art”

3D & Spatial Forms (4) “voxel art”, “claymation”, “low poly”,
“origami”

Urban & Digital Arts (4) “cartoon”, “cyberpunk”, “glitch art”, “graffiti
painting”

Supplementary Material

A. Full List of Style Texts

Tab. A1 presents 20 style texts for the quantitative compari-
son of the main paper. To evaluate style generation capabil-
ities across visual attributes such as painterly textures and
geometric patterns, we curate the texts to cover four distinct
categories.

B. Additional Experiments

B.1. Impact of Initial Injection Strength

Fig. A1 demonstrates that λinit ∈ {0.1, 0.2} is insufficient to
mitigate the structural distortion caused by the initial noise.
Conversely, λinit ∈ {0.4, 0.5} leads to an excessive accu-
mulation of the low-frequency phase across all timesteps.
Furthermore, the Gaussian filter preserves more mid/high-
frequency phase as λinit rises, limiting stylization flexibility.
We adopt λinit = 0.3 to strike a balance between these con-
flicting objectives.

We further quantify the phase injection amount based on
the cumulative spectral content of each frequency band that
passes through the Gaussian low-pass filter. Since there is
no universal standard for frequency partitioning in the 2D
Fourier transform, we define the frequency bands based on
multi-resolution analysis [31]. We apply the hierarchical
decomposition ratios of the wavelet transform to a circu-
lar partitioning scheme, reflecting the isotropy of the 2D
Fourier spectrum in contrast to the conventional rectangular
grid. Specifically, the spectrum is divided into low- (r =
0–25%), mid- (r = 25–50%), and high- (r = 50–100%)
frequency bands.

As shown in Tabs. A2 and A3, λinit ∈ {0.1, 0.2} results
in insufficient low-frequency phase injection compared to
our method, whereas λinit ∈ {0.4, 0.5} leads to a significant
increase in mid/high-frequency phase injection. Notably,
for λinit ∈ {0.4, 0.5}, the phase injection in the mid/high-
frequency bands becomes comparable to or exceeds that in
the low-frequency band, as indicated in Tab. A4.

𝜆!"!# = 0.1 “ink w
ash painting”

Content Image 𝜆!"!# = 0.2 𝜆!"!# = 0.3 (Ours) 𝜆!"!# = 0.4 𝜆!"!# = 0.5𝜆!"!# = 0

“cartoon”
“pixel art”

Figure A1. Qualitative results with varying initial injection
strengths. λinit = 0 corresponds to no phase refinement. We use
three content images from the DIV2K dataset [1].

Table A2. Total low-frequency phase injection accumulated across
all timesteps, normalized to our method (λinit = 0.3).

Frequency Band λinit = 0.1 λinit = 0.2

Low-freq. Band (r = 0–25%) 24.2% 69.7%

Table A3. Total mid- and high-frequency phase injection accumu-
lated across all timesteps, normalized to our method (λinit = 0.3).

Frequency Band λinit = 0.4 λinit = 0.5

Mid-freq. Band (r = 25–50%) 172.2% 231.9%
High-freq. Band (r = 50–100%) 388.0% 828.2%

Table A4. Ratios of cumulative mid- and high-frequency phase
injection to the low-frequency phase injection.

Frequency Ratio λinit = 0.3 (Ours) λinit = 0.4 λinit = 0.5

Mid-freq. Band / Low-freq. Band 92.9% 134.6% 163.8%
High-freq. Band / Low-freq. Band 28.0% 91.3% 176.1%

Gaussian Filter (Ours) Box Filter Applying Middle 60% Applying Last 60%

Low-freq. Filter Timestep-wise Refinement

Content Image

Figure A2. Ablation study of filter and timestep-wise refinement
strategies. We use the style text “pixel art” for all images.

B.2. Additional Ablation Study
We conduct an additional ablation study to verify the Gaus-
sian low-pass filter’s soft-blending effect and the effective-
ness of alternative refinement strategies that deviate from
the SNR trend. As shown in Fig. A2, replacing the Gaus-
sian filter with a box filter creates an abrupt frequency cut-
off instead of a smooth spectral transition, which disrupts
the content structure. Furthermore, applying low-frequency
phase refinement during the middle or last 60% of the
timesteps leads to stylization failures or visual artifacts.
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Figure A3. Qualitative comparison of stylization outcomes with recent works.

B.3. User Study
We conduct a user study with 70 participants to evaluate
the overall stylization quality in Fig. 4 of the main paper.
To mitigate potential bias, we randomize the order of the
methods in Fig. 4 and mask the method names. Partici-
pants are provided with the entire figure and asked to select
the model whose outputs best preserve the content while
faithfully reflecting the style. In total, 40.0% of the par-
ticipants prefer AdaPhase, the highest among all methods.
FreeStyle [14], Zhang et al. [56], CLIPstyler [26], Instruct-
Pix2Pix [2], ControlNet [54], and DiffArtist [22] receive
20.0%, 14.3%, 10.0%, 7.1%, 4.3%, and 4.3%, respectively.

B.4. Comparison with other SOTA models
We further validate AdaPhase by comparing it with four
recent state-of-the-art models in two categories: general-
purpose text-to-image models (FLUX.1 Kontext [27] and
Qwen-Image-Edit [49]) and text-guided stylization mod-
els (OmniStyle [47] and StyleBooth [12]). OmniStyle and
StyleBooth require additional training, and are evaluated us-
ing their optimal hyperparameters.

Qualitative Comparison. As demonstrated in Fig. A3,
while most methods generate plausible stylized images, our

Table A5. Quantitative comparison with recent works. Experi-
ment settings are identical to those in Fig. 5 of the main paper.
Bold values and underlined values indicate the best and second
best results, respectively.

Methods FLUX.1 Kontext Qwen-Image-Edit OmniStyle StyleBooth Ours

1−LPIPS ↑ 0.378 0.243 0.454 0.467 0.541
DINO ↑ 0.671 0.495 0.712 0.621 0.712

Aesthetic ↑ 5.564 6.166 5.547 5.430 5.504
Dir. CLIP ↑ 0.112 0.166 0.114 0.153 0.154

method consistently achieves content-preserving stylization
across all images. FLUX.1 Kontext and Qwen-Image-
Edit generally preserve semantic content during stylization.
However, FLUX.1 Kontext fails to stylize certain images
(e.g., columns 1, 8 and 10), and Qwen-Image-Edit occa-
sionally exhibits weaker content preservation compared to
the other methods (e.g., columns 1 and 7). OmniStyle
and StyleBooth exhibit weak stylization on several samples
(e.g., columns 5, 7, and 8).

Quantitative Comparison. As shown in Tab. A5, our
method demonstrates superior performance in content
preservation. Furthermore, our competitive Dir. CLIP score
indicates AdaPhase’s precise style reflection capability. We



Table A6. Quantitative comparison including standard deviations.

Methods DINO 1−LPIPS Aesthetic Dir. CLIP

ControlNet 0.537±0.140 0.328±0.076 5.616±0.577 0.154±0.058
InstructPix2Pix 0.701±0.269 0.555±0.197 5.021±0.586 0.114±0.078
CLIPstyler 0.466±0.175 0.443±0.110 5.301±0.695 0.163±0.053
FBSDiff 0.463±0.188 0.370±0.086 5.324±0.654 0.142±0.062
FreeStyle 0.300±0.166 0.297±0.120 5.513±0.691 0.130±0.058
DiffArtist 0.588±0.215 0.548±0.146 5.202±0.721 0.121±0.078
Zhang et al. 0.332±0.166 0.284±0.109 5.695±0.738 0.124±0.062

FLUX.1 Kontext 0.671±0.208 0.378±0.219 5.564±0.726 0.112±0.073
Qwen-Image-Edit 0.495±0.189 0.243±0.091 6.166±0.567 0.166±0.049
OmniStyle 0.712±0.153 0.454±0.104 5.547±0.746 0.114±0.053
StyleBooth 0.621±0.223 0.467±0.132 5.430±0.664 0.153±0.061

AdaPhase (Ours) 0.712±0.142 0.541±0.098 5.504±0.816 0.154±0.070

Table A7. Comparison of inference time with recent works.

Methods ControlNet InstructPix2Pix CLIPstyler FBSDiff DiffArtist FreeStyle

Time (sec) 6.180 8.017 19.861 69.581 10.912 42.729

Methods Zhang et al. FLUX.1 Kontext Qwen-Image-Edit OmniStyle StyleBooth Ours

Time (sec) 12.215 65.573 191.939 50.743 59.410 10.023

𝛾 = 0.6 𝛾 = 0.7 𝛾 = 0.9 30 Timesteps 70 Timesteps 100 Timesteps

Figure A4. Robustness across different denoising strengths and
numbers of inference steps. We use the style text “pixel art” for
all images and set the denoising strength to γ = 0.8 when varying
the number of inference steps.

DDIM Sampler DPM++ 2M Sampler Flux.1 Kontext Qwen-Image-EditStable Diffusion 2.1 Stable Diffusion 3

Figure A5. Robustness across different samplers and model back-
bones. We use the style text “pixel art” for all images.

additionally report standard deviations of quantitative re-
sults in Tab. A6.

AdaPhase is training-free and does not require com-
plex sampling control techniques. Accordingly, it achieves
a competitively shorter inference time compared to other
methods, as shown in Tab. A7.

B.5. Generalization of AdaPhase
AdaPhase demonstrates robust content-preserving styliza-
tion across varying denoising strengths and numbers of in-
ference steps, as shown in Fig. A4.

PCA-based trajectory projection (Sec. 5.2 of the main
paper) is theoretically grounded in the deterministic tra-
jectory of latent diffusion models (Sec. 3.1 of the main
paper). Consequently, AdaPhase maintains its robustness
across sampling methods and model backbones when the
underlying generative dynamics can be formulated as deter-
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Figure A6. Application of AdaPhase combined with (SDXL-
based) IP-Adapter.
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Figure A7. Low-frequency component transfer. While our default
setting provides a robust baseline for content preservation, increas-
ing the denoising strength can further enhance low-frequency styl-
ization.

ministic ODEs, as demonstrated in Fig. A5. Since the spec-
tral characteristics (discussed in Sec. 3.2 of the main paper)
are preserved in latent space, AdaPhase can be extended to
latent generative models, including both diffusion [37] and
flow-matching (with Transformer-based backbones) formu-
lations [7, 27, 49]. For Stable Diffusion 2.1 [37], Sta-
ble Diffusion 3 [7], FLUX.1 Kontext, and Qwen-Image-
Edit, we construct inversion paths using the dynamics of
each model and adapt the low-frequency phase bandwidth
to each model’s noise schedule.

B.6. Application of AdaPhase
We additionally integrate our method with IP-Adapter [52]
and demonstrate its applicability to tasks that take a style
image as input. As shown in Fig. A6, AdaPhase success-
fully reflects the reference style while achieving content
preservation. As noted in Sec. B.5, AdaPhase generalizes
across diverse generative models.

B.7. Transferring styles involving low-frequency
components

While AdaPhase preserves content structure by injecting the
low-frequency phase of the inversion latent, it still allows
low-frequency attributes (e.g., object contours and colors)
to be stylized, as shown in Fig. A7. The denoising network
continues to iteratively refine the latent under text guidance,
allowing low-frequency stylization to emerge throughout
the generation process.
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Figure A8. Failure cases of AdaPhase. No Refinement denotes the
standard SDXL pipeline. (a) For “stained glass art” and “impasto
painting”, SDXL shows incomplete stylization, with style appear-
ing only locally. For “ukiyo-e”, the style is inaccurate in the SDXL
output. (b) For “oil painting and voxel art”, the SDXL result re-
flects only the “voxel art” style and ignores the “oil painting” style.

B.8. Additional Qualitative Results
To verify the performance of AdaPhase across the 20 style
texts described in Sec. A, we conduct qualitative experi-
ments with 19 content images from the DIV2K dataset [1].
As demonstrated in Figs. A9 to A12, AdaPhase consistently
preserves content structure while achieving high-quality
stylization. This capability is supported by the close align-
ment of the trajectory with the inversion path, as illustrated
in Fig. A12. For Figs. A9 to A12, see the last four pages.

C. Limitations and Future Work
AdaPhase enables content-preserving stylization for var-
ious style texts by leveraging spectral modulation and
SNR-based adaptive scheduling. However, as shown in
Fig. A8(a), instances of incomplete stylization remain. This
limitation arises because AdaPhase’s stylization relies on
the SDXL 1.0 image-to-image pipeline as its backbone. If
this backbone fails to adequately generate the target style
for a specific content image, AdaPhase inevitably inherits
this failure, resulting in unfaithful stylization. This depen-
dency is further highlighted in Fig. A8(b). When the back-
bone pipeline fails to handle text containing two distinct
styles, AdaPhase likewise fails to capture both styles in the
final output. Building upon the alignment of the denois-
ing trajectory with the inversion path, future research on
AdaPhase should expand toward a theoretical analysis of
how the denoising process incorporates specific style texts.
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Figure A9. Additional qualitative results of AdaPhase using 20 style texts (Part 1).
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Figure A10. Additional qualitative results of AdaPhase using 20 style texts (Part 2).
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Figure A11. Additional qualitative results of AdaPhase using 20 style texts (Part 3).
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Figure A12. Additional qualitative results of AdaPhase and latent trajectories in the DDIM inversion-based PCA space.
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