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Figure 1. Text-guided image editing using Text-to-Image (T2I) models, such as DDS [17], often fails to produce satisfactory results due
to indiscriminate optimization across all frequency subbands. For example, in the top row, DDS removes the detailed pattern of latte
art (a) and drastically alters the cat’s color despite “gray” being specified in the prompt (b). These issues become more apparent through
frequency decomposition during optimization (L.F.S and H.E.S refer to low frequency subband and high frequency subband, respectively)
in the second row, where unnecessary modifications occur. Our method selectively optimizes frequency bands, preserving high-frequency
details in the latte art (a) and maintaining color consistency in the gray cat (b). The “freeze” symbol indicates frozen frequency components,
while the “flame” means optimized. Best viewed on a screen when zoomed in.

Abstract

Text-guided image editing using Text-to-Image (T21) models
often fails to yield satisfactory results, frequently introduc-
ing unintended modifications, such as the loss of local detail
and color changes. In this paper, we analyze these failure
cases and attribute them to the indiscriminate optimization
across all frequency bands, even though only specific fre-
quencies may require adjustment. To address this, we intro-
duce a simple yet effective approach that enables the selec-
tive optimization of specific frequency bands within local-
ized spatial regions for precise edits. Our method leverages
wavelets to decompose images into different spatial reso-
lutions across multiple frequency bands, enabling precise
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modifications at various levels of detail. To extend the ap-
plicability of our approach, we provide a comparative anal-
ysis of different frequency-domain techniques. Additionally,
we extend our method to 3D texture editing by performing
frequency decomposition on the triplane representation, en-
abling frequency-aware adjustments for 3D textures. Quan-
titative evaluations and user studies demonstrate the effec-
tiveness of our method in producing high-quality and pre-
cise edits. Further details are available on our project web-
site: https://ivrl.github.io/fds-webpage/

1. Introduction

Recent advances in Text-to-Image (T2I) models, such as
DALL-E 2 [39] and Latent Diffusion Models (LDMs) [40],
have significantly advanced the field of text-based im-
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age generation. Despite these advances, achieving precise
text-guided image editing with T2I models remains chal-
lenging. Existing methods, including DreamFusion [37]
with its Score Distillation Sampling (SDS) technique and
subsequent enhancements such as Delta Denoising Score
(DDS) [17] and Contrastive Distillation Score (CDS) [34],
have made notable progress. However, they still struggle
with fine-grained control over edits. In particular, they of-
ten fail to preserve high-frequency details or alter the color,
leading to unsatisfactory results in tasks that require pre-
cise modifications. For example, as shown in Fig. 1, when
DDS is used to transform “a cup of coffee” into “a cup of
matcha”, intricate latte art details are often unintentionally
removed; converting a drawing of “a gray cat” into “a gray
fox” changes the cat’s color to reddish-brown, likely due to
data bias, despite specifying the color “gray” in the prompt.

We identify that these limitations arise from two primary
challenges. First, language-vision models struggle to dis-
entangle complex attributes [1, 29, 38], which hinders the
faithful preservation of source image attributes that should
remain unchanged (e.g., the fox’s color in Fig. 1). However,
fundamentally improving this aspect is resource-intensive
and may require retraining a more robust text-image model
with better annotated paired data. Second, and more di-
rectly, T2I editing models are hindered by indiscriminate
optimization across all frequency subbands during editing,
often causing unintended alterations (both cases in Fig. 1).
Therefore, providing additional levels of controllability in
the frequency domain for text-guided editing is needed.

In this work, we propose a simple yet effective approach
that enhances text-guided image editing by revisiting clas-
sical frequency domain techniques. We introduce a method
that decomposes images into frequency subbands [11], en-
abling selective optimization of each. We showcase the ben-
efit of frequency-awareness for editing in two cases: local
detail preservation and color fidelity preservation. This se-
lective optimization provides more precise control over the
editing process and leads to more satisfying results. Addi-
tionally, we extend our method to 3D texture editing and
propose a frequency-aware texture editing method that uses
a frequency-decomposed triplane representation [5]. This
extension enhances frequency awareness, improving both
color fidelity and the preservation of high-frequency details
in textures. Our contributions are as follows:

* We identify issues with local detail preservation and color
fidelity in score distillation-based image editing methods,
and attribute these issues to indiscriminate optimization
across all frequency subbands.

* We propose a novel text-guided image editing method
that leverages frequency domain techniques to provide
precise control within the frequency domain.

* We demonstrate that selectively optimizing specific fre-
quency subbands leads to better preservation of image de-

tails and color fidelity compared to baseline methods.

* We introduce a frequency-decomposed triplane represen-
tation tailored for 3D texture editing.

* We provide an analysis of different frequency domain
techniques and offer a guideline on their application to
the text-guided image editing task.

2. Related Work

Text-to-Image Models. Text-to-Image (T2I) models [20],
such as DALL-E 2 [39], Stable Diffusion [40], and Ima-
gen [41], have seen remarkable success in generating high-
quality images from text prompts. Due to their powerful
diffusion-based generative priors, T2I models have been
widely applied in various domains including depth estima-
tion [22], image-to-image translation [10, 30], image super-
resolution [33, 44], and image inpainting [8, 35, 46].
Image Editing with Text-to-Image Models. Recent re-
search has explored various applications of T2I models in
image editing, including interacting with the reverse pro-
cess of an inverted latent [4, 7, 16, 19, 21, 23, 25, 31, 32] or
fine-tuning the diffusion model to learn the reverse process
to restore the edited image, such as Instruct-Pix2Pix [2].
While many of these methods exploit the reverse process of
diffusion models, a different method known as Score Distil-
lation Sampling (SDS) [26, 37], originally proposed for 3D
object generation, has shown promising performance. How-
ever, despite SDS being effective in generating 3D assets,
its gradient updates can introduce noise and result in impre-
cise edits, particularly when applied to fine image editing
tasks. Delta Denoising Score (DDS) [17] is a method that
improves upon SDS by canceling out noisy gradients and
focusing on the desired modifications in a more localized
manner, leading to better preservation of image details dur-
ing editing. CDS [34] leverages a constrastive loss term to
enforce that the semantics at each spatial position remain
the same during optimization.

Our approach is compatible with score distillation-based

methods, integrating wavelet decomposition as an image
representation to enable selective modification of certain
frequency components during editing.
Frequency Domain Techniques in Image Editing. De-
spite frequency domain techniques having been deployed in
various ways of image manipulation [3, 12, 13, 27, 47-49],
their application to text-guided image editing is still limited.
FlexiEdit [25] adds randomness to high frequency compo-
nents during diffusion inversion allowing for non-rigid edit-
ing. FreeDiff [45] emphasizes high frequency component
during the diffusion sampling process. [14] maps frequency
information to images using a ControlNet [50] fashion.

Differently, our method leverages Wavelet Trans-
forms [11] in fine-grained image editing with score distilla-
tion sampling, enabling the preservation of detail and color
fidelity. Besides, similar to other score distillation methods,
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Figure 2. Method overview. Ours (a) differs from vanilla score distillation editing (b), which backpropagates gradients to the latent space
(2)to perform editing. Our method leverages wavelet frequency decomposition to decompose latent z into wavelet subbands ¢ including

high frequency (furs = {Pirrs, Piirs, - -

, ¢élpls}) and low frequency (¢Lrs). We process the reconstructed latent z* with the diffusion

model to obtain a gradient for optimization, which is applied to either high-frequency components or low frequency components selectively

depending on application. Consequently, our method produces edits that benefit from detail preservation (butterfly case,

for text

and image borders) and color fidelity (stone, blue for text and image borders). Best viewed on a screen when zoomed in.

our method does not require training or finetuning diffusion
models.

3. Frequency-Aware Score Distillation

Our work enhances SDS [37] and its improved versions,
e.g., DDS [17] and CDS [34], by incorporating Wavelet
Transform [11] to enable selective frequency optimization.
Unlike the purely spatial approach used in standard repre-
sentations, our method employs a spatial-frequency repre-
sentation and seamlessly integrates within the score distil-
lation frameworks. Without loss of generality, we demon-
strate our approach in image editing based on DDS and tex-
ture editing based on SDS as they achieve the best results.

3.1. Frequency-Decomposed Image Editing
3.1.1. Initial Setup and DDS

Given a source image I of shape 3 x 512 x 512, we encode it
via a Variational Autoencoder (VAE) [24] to obtain its latent
representation z with dimensions 4 x 64 x 64. In the origi-
nal DDS approach, optimization is performed directly on z
by calculating the loss gradient V,£Lpps (conditioned on a
source prompt and a target prompt) and iteratively updating
z over N steps before decoding it at the end.

3.1.2. Wavelet Decomposition and Subband Extraction

Unlike the vanilla DDS, we enable selective optimization
by decomposing the latent 2z into multiple frequency sub-
bands ¢ through DWT [11]. We set the decomposition
level J and select an appropriate wavelet type, such as
Daubechies wavelets [ 1 1], which will be analyzed in Sec. 5.

For latent visualization, we use a linear transform from four-channel
latent to three-channel RGB.

The decomposition yields subbands ¢, consisting of a low-
frequency component ¢ gs and multiple high-frequency
components g s {bitks: Piiks: - - Pilrs). Where
each level of high-frequency subbands contains three direc-
tional details, such as ¢ s, , » Piips, - a0d G g, , - The

low-frequency subband ¢y rs has dimensions 4 x 5% x 5.

3.1.3. Selective Optimization

Using the Inverse Discrete Wavelet Transform IDWT), we
reconstruct Z from the subbands ¢ which is then input
into the diffusion model to compute the gradient V4 Lpps,
which aims to modify the target attributes.

The gradient V 4 Lpps propagates back to each subband,
including both ¢ g5 and ¢y rs. As these subbands are cat-
egorized into low-frequency components ¢ ps and high-
frequency components ¢y s, we use a stop-gradient oper-
ation during optimization (denoted as StopGrad(+)) for se-
lective gradient control. If the objective is to preserve low-
frequency content (e.g., color), we apply the StopGrad to
¢L s to prevent updating to it and focusing optimization on
¢urs. Conversely, if preserving high-frequency details is
desired, we apply StopGrad to ¢y gs to restrict updates to
the low-frequency components only. After N optimization
iterations, we decode the optimized latent Z to produce the
final output image. This output image preserves the original
attributes intended for retention, with targeted adjustments
as specified by the prompts.

3.2. Frequency-Aware 3D Texture Editing

We extend our method to 3D texture editing on meshes,
aiming to modify textures while preserving detail and color
fidelity (Fig. 3).
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Figure 3. 3D texture editing pipeline. We represent a 3D tex-
ture field as a frequency-decomposed triplane ¢, i.e., three sets of
wavelet subbands representing XY — Y Z — X Z in three direc-
tions. To render an image at camera view p, we construct a triplane
from ¢, which is queried for colors. The rendered image is pro-
cessed by the latent diffusion model to produce a gradient, which
is backpropagated to update selected frequency components.

3.2.1. Frequency-Aware Triplane Representation

Given a mesh M with triangular faces, we denote its origi-
nal texture before editing as T'. To represent the texture field
to be optimized, we use a triplane [6] with three planes P,
P,.,and P,,, each sized C' x H x W. Rendering an image
from the mesh M requires retrieving the color of each pixel.
To do so, for each pixel, we cast a ray from the camera
and calculate the ray-mesh intersection x = [z, y, z] (where
x,y,z € [—1,+1] in a normalized space). To retrieve the
color at this point x, we project it onto these planes using bi-
linear interpolation, which yields three C'-channel vectors.
These three vectors are combined to form a 3 x C' feature
vector, which is then decoded into RGB values using an
MLP.

To incorporate frequency awareness, similar to 2D image
editing, we represent each plane in the triplane using a set
of wavelet subbands, Fig. 3. Before rendering, we apply
the IDWT to reconstruct the triplane from subbands, i.e.,
P = Jfiowr(uEs, ¢LEs) for each dimension and use the
reconstructed triplane P in the rendering process described
earlier. Before editing, we initialize the triplane and MLP
by fitting the rendered image to the original texture map T
using the L1 loss £;.

3.2.2. Selective Optimization

After rendering the image I from frequency-aware triplane,
we use a VAE to encode it into latent z. We then apply a dif-
fusion model to compute the score distillation loss Lsps and
we obtain the gradient V4 Lsps by backpropagation. Sim-
ilar to 2D image editing, we apply StopGrad(-) operator to
either the low- or high-frequency components.

3.3. Implementation Details

Our implementation leverages PyTorch [36], with wavelet
transformations handled by the differentiable wavelet li-
brary wavelet_pytorch [9]. Similar to [17], we use
Stable Diffusion [40] as the image diffusion model. More-
over, we conduct experiments on an NVIDIA RTX 3090
GPU. We set the number of iterations to N = 500 for score
distillation sampling.

4. Experiments

In this section, we evaluate the effectiveness of our method
in both 2D image editing and 3D texture editing. We be-
gin by introducing our baseline methods and experimental
protocols. Next, we report qualitative and quantitative com-
parisons. Finally, we present the results from a user study.

4.1. Experimental Settings

4.1.1. 2D Image Editing

Baseline Methods. To verify the effectiveness of our
method, we conducted comparative experiments in 2D.
Since our method is optimization-based, we primarily com-
pare it with state-of-the-art score distillation methods, in-
cluding DDS [17] and CDS [34], as these are the most
competitive baselines. Moreover, we report results com-
paring various diffusion sampling methods, including Plug-
and-Play (PnP) [43], Prompt-to-Prompt (P2P) [16], Diffu-
selT [28], FlexiEdit [25], and FreeDiff [45]. We also report
on DreamSampler [23], which unifies diffusion sampling
and score distillation.

Selecting Frequency Components. As mentioned previ-
ously, we showcase our method’s capability in two primary
editing scenarios: color editing and detail editing, where
we optimize the low-frequency and high-frequency compo-
nents. Since selecting specific frequency components for
optimization is a unique advantage of our method—one not
supported by baseline methods, we compare with the base-
line methods using their closest settings, such as the style
modification in FreeDiff [45], when applicable.
Evaluation Protocol. For quantitative results, we sample
200 cat images from the LAION-COCO dataset [42] and
use the editing methods to transform them into dogs, pigs
and cows. We use the Structural Similarity Index Measure
(SSIM) to assess fidelity and LPIPS [51] to quantify the
preservation of high-frequency details. We also measure
the CLIP score [ 18] to evaluate alignment between edits and
target text descriptions.

4.1.2. 3D Texture Editing

We extend our method directly from 2D to 3D texture edit-
ing to demonstrate the benefits of frequency disentangle-

We provide additional experimental results beyond these two primary
settings, such as combining ours with FlexiEdit [25] to offer non-rigid edit-
ing capabilities, in the supplementary materials.
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Figure 4. Qualitative results. We conducted a qualitative comparison with the most competitive baselines. For low-frequency editing, our
method follows instructions closely while preserving high-frequency details better. In the first row, stone lion, our method preserves details
of the lion’s eyes and mouth (A). On the contrary, CDS, DDS and other methods lose these structures, introducing significant changes.
For the second row, the chicken, we preserve the beak and eye areas (B). In contrast, other methods distort the structure noticeably or
fail to generate meaningful images (e.g., DiffuselT) and follow the target description (DreamSampler, FlexiEdit). CDS, the best among
baselines, alters the beak. For high-frequency editing, our method maintains better color fidelity than the baselines. In the first row, our
approach preserves color consistency in the transformation from cat to fox. In the stone-to-Buddha case, our method preserves both the
background and statue colors (C) better than CDS and similar methods. In the third row, our method preserves image color information
better, especially the pupil and face skin color, while still modifying details (D). Other methods introduce structure distortion, which can
be attributed to the lack of global information guidance. Best viewed on a screen when zoomed in.
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Figure 5. Qualitative results. Our frequency-aware denoising score method on 3D texture. We compare our results with the pure triplane
representation. In the detail preservation cases (a) and (c), our method faithfully preserves the original texture from the source texture map.
In contrast, SDS distorts the original texture and does not follow the text "blue” in the turtle case. In the color fidelity cases (b) and (d),
our method retain the pink color of the quilt and the blue color of the sofa, while adding intricate patterns and texture details guided by the
text. However, SDS creates patterns on the quilt but changes the main color to a much lighter pink. In the sofa case, SDS also adds texture

details but shifts the main color to a greenish-blue hue whitish-red hue. Best viewed on a screen when zoomed in.

ment offered by our approach. Firstly, since diffusion sam-
pling methods [16] cannot be applied to 3D texture edit-
ing at inference time, we experiment with score distillation
methods only. Secondly, we observe that some score distil-
lation methods such as DDS and CDS do not perform well
in 3D texture editing, we limit our comparison to SDS, to
test the effect of our frequency-aware denoising score. Sim-
ilar to the 2D tasks, we examine performance differences in
both low-frequency color editing and high-frequency detail
editing tasks.

4.2. 2D Image Editing Results

We present qualitative results in Fig. 4 with additional re-
sults provided in the supplementary material. In the detail
preservation case (upper part), none of the baseline meth-
ods are able to faithfully preserve the geometry of the stone
lion’s face and mouth or the chicken’s eye and beak. Among
score distillation methods, CDS removes the lion’s teeth and
changes the size of the chicken’s eye. DDS, on which our
method is based, also removes the lion’s teeth and alters the
size of its eye. Diffusion sampling methods often signifi-
cantly change the structure and may fail to generate mean-
ingful results, e.g., DreamSampler [23] and DiffuselT [28].

In the color fidelity case (lower part), DDS and CDS of-
ten disrupt color consistency by adding white to the gray cat
or turning the stone yellowish. Diffusion sampling methods
frequently fail to preserve color, as seen in the cat-to-fox
and shark cases with PnP. In contrast, since our method

explicitly disentangles high-frequency and low-frequency
components and optimizes the selected frequency band, our
method achieves better color consistency.

For the quantitative evaluation, we report the results
against the most competitive baselines, CDS and DDS,
in Tab. 1. Our method achieves the same CLIP score as
CDS, indicating that our method performs as well as CDS
in matching the text guidance. Additionally, our method
achieves slightly better scores on LPIPS and SSIM, indicat-
ing improved structural preservation and consistency.

Method CLIPt LPIPS| SSIM 7

Diffusion Samoing  NMG 7] 2368 0182 0738
: PUE  Direct Inversion [19]  23.61 0284  0.676
DDS [17] 2364 0297 0736

Score Distillation ~ CDS [34] 2365 0136 0818
Ours 23.65 0.129 0.819

Table 1. Quantitative results on 2D image editing. Our method
achieves comparable text alignment (CLIP score) with CDS while
outperforming DDS and CDS in both SSIM and LPIPS.

In Tab. 2, we present the user study results. We sur-
veyed 24 users using six source images, each accompanied
by two edited versions. Half of these images focused on de-
tail preservation, and the other half on color fidelity. Each
user was shown a set of three images: the source image,
an edit labeled as option one, and another edit labeled as
option two. We asked each user to select the preferred op-
tion between the two edits that better “reflects the specified
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Figure 6. Gradient visualization during optimization. Edit with “A photo of a (blue — red) butterfly”. We visualize the frequency-
decomposed representation ¢ (with three subbands, ¢ rs , $7rs. and ¢Lrs.), the gradients at the latent level V., Lpps, as well as gradients
at subband level V4 Lpps in multiple wavelet subbands. As shown, although the optimization points towards the target, the gradients at
each step exhibit randomness (V ; Lpps in step 50 and step 100). This is due to the noise added during the sampling procedure and tends to
smooth out or distort detail patterns. With our method, we apply a stop-gradient operator to preserve these details (right). Note that we add
a diagonal line to indicate the subband gradients where the stop-gradient operator is applied. Best viewed on a screen when zoomed in.

text instructions, while ensuring that local detail patterns or
color remain unchanged”. According to the results, on av-
erage, more than 80% of users prefer the edits made with
our method over both CDS and DDS.

Color pres.?  Detail pres. T Average
Prefer ours over DDS 73.8% 90.5% 82.1%
Prefer ours over CDS 92.9% 79.8% 86.3%

Table 2. Percentage of users preferring ours over baselines in
two editing scenarios: color preservation and detail preservation.
More users preferred our method in both cases. More than 90%
users prefer ours in detail preservation than DDS, and color preser-
vation than CDS. On average, over 80% of users favored the edits
generated by our method over CDS and DDS.

4.3. Texture Editing Results

Similar to the 2D case, our method enables the preservation
of texture details and color fidelity, Fig. 5. In detail preser-
vation, our method can change the low-frequency compo-
nents of the turtle and frog, while preserving the detailed
textures. In contrast, the baseline SDS changes the shell
texture and shifts the frog’s eyes. In the color preserva-
tion setting, ours adds high-frequency texture to the quilt
and adds leather texture to the sofa, while maintaining color
consistency, whereas the baseline SDS alters the color.

5. Discussions

5.1. Gradient Visualization in Score Distillation

In Fig. 6, we visualize the gradient V,Lpps in DDS. It is
noteworthy that although the gradient generally aligns with
the text guidance (e.g., turning the blue butterfly to red),
the inherent randomness of score distillation causes incon-
sistencies in V. Lppg across multiple steps. Consequently,
this noise alters the detailed structure on the wing. By ap-
plying our method with a stop-gradient operation to specific
frequency bands, we achieve the desired editing while pre-
serving local details (right). We provide gradient visualiza-
tion for high frequency editing in supplementary material.

5.2. Choosing Among the Wavelet Family

Different wavelets have distinct filters, which enable them
to extract different types of features. In this experiment,
we analyze the two attributes that most significantly im-
pact the result: smoothness and decomposition level in the
Daubechies wavelet family [11], Fig. 7. We use the in-
struction to turn “a coffee latte art” into “a matcha latte
art” while editing the low-frequency component. Due to
the halving nature of wavelets, a higher J value results in
a lower resolution for the low-frequency subband. We ob-
serve reduced localization ability at high J levels (e.g., J=5),
causing color to spill over into adjacent regions. Regarding
smoothness, when DB=1, Daubechies wavelet reduces to
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Figure 8. Comparison of different frequency decomposition
methods. Edit with “A drawing of a (dog — cat). Both DCT and
DFT lack spatial dimension in decomposition, causing artifacts
like the cat’s eyes. In the spectrum, the blue areas represent the
mask schematic used in this experiment. For both DFT and DCT,
we applied mask to the low-frequency regions to limit parameter
updates. Best viewed on a screen when zoomed in.

the Haar wavelet [15], featuring sharp edges, while a larger
index produces a smoother result. Generally, a medium set-

ting (e.g., J=3 and DB=3) yields decent outputs.
5.3. Comparing Other Frequency Methods

Wavelets provide distinct advantages over other frequency
decomposition methods, such as superior spatial localiza-
tion and multiresolution decomposition capabilities. We
compare wavelets with DFT and DCT in Fig. 8. Regard-
ing the DFT and DCT parameters, we select a frequency
threshold that achieves high-low frequency separation sim-
ilar to ours (original row). Although all three decomposi-
tion methods enable frequency separation, already improv-
ing upon DDS, we find that the superior localization ca-
pability of wavelets makes them a better choice in certain
cases.

5.4. Limitations

While our selective frequency optimization improves color
fidelity and detail preservation for precise editing tasks, it
inherits the limitations of diffusion models and score distil-
lation, such as challenges in accurately interpreting prompts
and requiring a lengthy sampling process

6. Conclusion

In this paper, we identify the issue of indiscriminate opti-
mization across all frequency subbands in score distillation
text-guided image editing. To address this, we propose a
frequency-aware denoising score that utilizes the discrete
wavelet transform to selectively optimize specific frequency
subbands. This approach achieves improved preservation
of high-frequency details and enhances color consistency.
We hope our proposed method will pave the way for fine-
grained, controllable image and texture editing.
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Figure 9. Our method complements other editing methods..

Combining our method with other editing methods.
As shown in Fig. 9, our method can be combined with
other editing methods, i.e., FlexiEdit [25], NMG [7], and
DiffEdit [10], to enable complex editing tasks.

Combining Ours with CDS. Our wavelet representation
can also be integrated with CDS (see Fig. 19 and Fig. 10
(a)). In Fig. 19, both CDS and DDS fail to preserve the de-
tailed latte art pattern across various hyperparameters and
random seeds. However, when combined with our wavelet
representation, both DDS+Ours and CDS+Ours demon-
strate improved texture preservation. Fig. 10 (a) further
highlights our color consistency benefits.

Challenging and Failure Cases. Fig. 10 (b) illustrates
a challenging 3D texture editing scenario where the crys-
tal exhibits severe self-occlusions. In this case, our method
successfully changes its color despite the complexity. How-
ever, certain edits (see Fig. 10 (d)) are not physically plau-
sible, and our method encounters difficulties when handling
non-rigid editing scenarios.

Automatic Frequency Selection. Fig. 10 (c) demonstrates
a pipeline that leverages a Large Vision Language Model to
automatically select the appropriate frequency subband for
editing based on the given prompt.

Additional Results in Detail Preservation. As shown in
Fig. 11 and Fig. 12, our method preserves high-frequency
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Figure 10. Additional visualizations.

details, such as intricate wood carvings, thin elements, and
textures.

Additional Results in Color Preservation. As shown in
Fig. 12, baseline methods often fail to maintain source
image colors (e.g., orange tones and cat colors), whereas
our method achieves better color consistency compared to
DDS and CDS.

Additional Texture Editing Results. We provide addi-
tional texture editing results in Fig. 14, Fig. 15, and
Fig. 16. Compared to SDS, SDS+Ours achieves better
detail preservation, such as the patterns on an owl’s and a
chicken’s feathers, as well as improved color consistency,
such as the color of a sofa. A video is attached to this sup-
plementary material for better viewing quality.

Additional Gradient Visualizations. We provide addi-
tional gradient visualizations for both detail preservation
and color fidelity cases in Fig. 17 and Fig. 18, respec-
tively.
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Figure 11. Qualitative results on detail preservation. Our method preserves detailed structures during editing, such as the intricate
carvings in wood (rows 1 and 5) and small details like the petiole and leaf veins (last row). In contrast, CDS does not follow instructions
well, and other diffusion sampling-based methods either distort the details or fail to adhere to instructions. (Best viewed on a screen when
zoomed in)
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Figure 12. Qualitative results on detail preservation. Our method effectively preserves detailed textures, such as the texture on a snail’s
shell and the reflection highlights on marbles. CDS, FlexiEdit, and FreeDiff do not follow instructions well, and other methods distort local
details. (Best viewed on a screen when zoomed in)
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Figure 13. Qualitative results on color preservation. Our method maintains the colors of the source image, such as the orange color of
oranges and the fur color of animals, resulting in edits that not only follow the editing instructions but also appear more consistent with
the source image. While FreeDiff also preserves colors, it fails to maintain geometric structures, such as altering the head position when
turning a cat into a fox. (Best viewed on a screen when zoomed in)
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A (“7 = “dark brown”) owl statue
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Figure 14. Qualitative results on texture low frequency editing. Compared to vanilla SDS, which largely ignores the detailed patterns of
the original texture, SDS+Ours produces edits that preserve these details, such as the feathers of a chicken. Notably, SDS nearly removes
the eyes of the owl and the chicken, as they are high-frequency details, while our method preserves them well. (Best viewed on a screen
when zoomed in and also see in attached videos)
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Figure 15. Qualitative results on texture low frequency editing. Our method preserves high-frequency details, such as the intricate
texture on the shell and the fine lines on the stone. In contrast, SDS alone drastically alters these details, resulting in unrealistic-looking
objects (as in the stone lion case) or entirely different objects (as in the sea shell case). (Best viewed on a screen when zoomed in and also
see in attached videos)
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Figure 16. Qualitative results on texture high frequency editing. The goal of high-frequency texture editing is to make modifications
while preserving the original object’s color. As shown, SDS drastically alters the texture, almost entirely disregarding the original texture
map. In contrast, our method adjusts high-frequency details while maintaining the original color of the sofa and the wall. (Best viewed on
a screen when zoomed in and also see in attached videos)
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Figure 17. Additional gradient visualization during optimization. Edit with “A cup of (coffee — matcha)”. The high frequency gradient
otirs, and ¢ kg in DDS distort the detail pattern of latte art. With frequency awareness, our method is able to preserve these details.
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Figure 18. Additional gradient visualization during optimization. Edit with “A (stack of stones — Buddha statue)”. The low frequency
component of ¢r rs. is changed modified and thus the color of the stone is turned into yellowish. (Best viewed on a screen when zoomed
in)
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Figure 19. Combining CDS with our wavelet representation. Neither vanilla DDS nor vanilla SDS successfully preserves the intricate
patterns of latte art. Notably, the distortion of details occurs simultaneously with the color change to green. By incorporating our frequency-
aware representation, we achieve superior detail preservation, even when the number of steps is significantly increased, such as to 500.
Additionally, we provide further results demonstrating the performance of CDS under varying hyperparameters and random seeds. (Best
viewed on a screen when zoomed in)
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