
EditCrafter: Tuning-free High-Resolution Image Editing via Pretrained
Diffusion Model

Kunho Kim1 Sumin Seo2 Yongjun Cho3 Hyungjin Chung4

1NC AI 2Medipixel, Inc. 3MAUM.AI 4EverEx

Figure 1. Our proposed framework, EDITCRAFTER, facilitates text-guided image editing at resolutions up to 4K while meticulously
preserving the high-resolution details of the input images using only a single editing prompt.

Abstract

We propose EDITCRAFTER, a high-resolution image edit-
ing method that operates without tuning, leveraging pre-
trained text-to-image (T2I) diffusion models to process im-
ages at resolutions significantly exceeding those used dur-
ing training. Leveraging the generative priors of large-
scale T2I diffusion models enables the development of a
wide array of novel generation and editing applications.
Although numerous image editing methods have been pro-

posed based on diffusion models and exhibit high-quality
editing results, they are difficult to apply to images with ar-
bitrary aspect ratios or higher resolutions since they only
work at the training resolutions (512×512 or 1024×1024).
Naively applying patch-wise editing fails with unrealistic
object structures and repetition. To address these chal-
lenges, we introduce EDITCRAFTER, a simple yet effec-
tive editing pipeline. EDITCRAFTER operates by first per-
forming tiled inversion, which preserves the original iden-
tity of the input high-resolution image. We further pro-



pose a noise-damped manifold-constrained classifier-free
guidance (NDCFG++) that is tailored for high resolution
image editing from the inverted latent. Our experiments
show that the our EDITCRAFTER can achieve impres-
sive editing results across various resolutions without fine-
tuning and optimization. Our project page is at https:
//editcrafter.github.io

1. Introduction
Recent advancements in image synthesis, particularly with
text-to-image (T2I) diffusion models trained on large-
scale data, have garnered substantial attention from both
academia and industry. In particular, T2I generation mod-
els such as Stable Diffusion [45], SDXL [38], Imagen [47],
DALLE·2 [43], SD3.5 [12], and FLUX [29] have gained
widespread popularity since its accessibility and notable
image quality. Despite their success, these models are con-
strained to resolutions of 512 × 512 or 1024 × 1024 since
they are trained on those resolutions.

Beyond image synthesis, there has been an emergence of
intuitive and powerful text-based editing methods [3, 5, 10,
13, 15, 17, 19, 25, 30, 33, 34, 37, 46, 50] for semantically
modifying images within pretrained T2I diffusion models,
thereby enhancing users’ control over the generated content.
High-resolution image editing is particularly crucial across
various domains, including digital content creation and in-
dustrial design, where maintaining fine-grained details and
structural coherence is essential. However, similar to image
synthesis, text-guided editing predominantly relies on pre-
trained diffusion models and therefore inherits limitations
related to their training resolutions, which are insufficient
for real-world high-resolution applications. These limita-
tions pose challenges in applying existing editing methods
to such high-resolution scenarios.

To overcome the resolution limitations of pretrained
T2I diffusion models, one could directly train on high-
resolution images. However, increasing the model size and
training data scale demands substantial computational re-
sources and extended development time. Consequently,
previous studies [1, 31, 41] have explored the potential for
generating arbitrary-sized images and panoramas, with their
latent spaces designed to interact through a patch-wise joint
diffusion process due to the inherent limitations of the fixed-
resolution of T2I diffusion models. Nevertheless, the field
of high-resolution image editing remains relatively under-
explored. Similar to patch-wise high-resolution generation
method [1, 31, 41], one approach [27] utilizes a joint dif-
fusion process with kernel using the pretrained diffusion
model to achieve consistency across a set of patch images.
However, this approach often struggles to the object repeti-
tion issue as shown in Fig. 4. This issue of object repetition
arises from guiding each patch with the same text prompt

using classifier-free guidance [21], even when the object
is absent in the patch. One naive approach is to indepen-
dently apply text-guided image editing to each patch sepa-
rately and then merge the patches to reconstruct the original
high-resolution image. However, dividing a high-resolution
image into local patches may result in each patch contain-
ing only a partial representation of the object rather than the
full object, and the content of the patch may not align with
the text prompt.

Building upon these observations, we introduce a tuning-
free high-resolution image editing strategy, EDITCRAFTER.
We carefully analyze the reconstruction capabilities of the
inversion method in its patch-wise implementation to deter-
mine how to preserve the original information of the input
high-resolution image. By employing appropriate tiled in-
version techniques, we obtain high-resolution latent repre-
sentations that are conducive to editing.

A subsequent challenge is guiding these high-resolution
latents with a single text prompt to achieve high-quality
edits. To address this, we adopt the high-resolution im-
age generation method [18], which replaces the standard
convolution layers with dilated convolution layers through-
out the entire U-Net, utilizing the pretrained parameters
as the editing framework. Furthermore, to effectively uti-
lize the generator as an editor, we propose a manifold-
constrained noise-damped classifier-free guidance (ND-
CFG++) approach. This sampling process enhances the
ability to guide the high-resolution latents accurately, en-
suring high-quality image edits aligned with the provided
text prompts.

To investigate the effectiveness of our proposed ap-
proach, we conduct extensive experiments on high-
resolution image editing, evaluating our method both quan-
titatively and qualitatively. Ablation studies demonstrate
the superiority of our method over a direct approach in-
cluding super-resolution upsampler with editing method us-
ing down-sized input images. We curated image-text pairs
using a high-resolution generation model [44] to quanti-
tatively evaluate our method, showing that ours outper-
forms baseline approaches in terms of human preference
and image-text alignment, and further indicating that our
design choice yields superior results. Qualitative results il-
lustrate that our method effectively modifies the target ob-
ject while avoiding the object repetition, achieving strong
alignment with the text prompt. This improvement in in-
version strategy and text guidance adherence highlights the
contribution of our approach, which better follows the spec-
ified instructions compared to a previous method [27], with-
out visible seams between patches or unwanted object rep-
etition.

https://editcrafter.github.io
https://editcrafter.github.io


2. Related Work

2.1. Text-to-Image Diffusion Models
Diffusion models [22, 45] have demonstrated remarkable
success in generating high-quality images, providing a
foundation for later advancements in various image gener-
ation tasks including text-guided image generation [35, 43,
47] and image-to-image translation [16, 26, 36, 56]. Re-
cent work has extended T2I diffusion models to various do-
mains, including video generation [4, 23] and 3D genera-
tion [28, 32, 39, 48], where the focus lies in ensuring tem-
poral and spatial consistency across generated frames and
structures. Furthermore, ControlNet [56] has introduced
end-to-end architecture for integrating various condition-
ing inputs—such as sketches, depth maps, or poses—within
the diffusion process, thereby enhancing the training effi-
ciency and adaptability of large-scale T2I models to follow
complex editing conditions. Our method enables higher-
resolution image editing which utilizes the generation capa-
bility of pretrained large-scale T2I diffusion models [45].

2.2. High-resolution Image Generation
High-resolution image generation has progressed through
efforts to address key challenges, including computational
inefficiency, high training costs, and structural artifacts.
Training models directly on high-resolution images [6, 7,
44, 53] is indeed a viable approach. However, this method
inherently requires a substantial increase in both model
complexity and the volume of training data.

High-resolution image generation also encompasses dif-
fusion models for panoramic view synthesis, which face
significant challenges in achieving seamless patch integra-
tion and maintaining structural coherence across expan-
sive fields of view [1, 31, 41]. Latent merging meth-
ods [1, 31] have introduced a foundational approach to
panoramic image generation by employing an averaging
technique to smooth transitions between patches, resulting
in coherent extended views. However, despite achieving
high-fidelity panoramas, they still encounters seam artifacts
where patches meet, impacting the overall continuity of the
image. To address lack of preserving semantic coherence
across intricate scenes and refining structural detail where
needed, merging-and-splitting diffusion method [41] builds
on an attention-based mechanism that adapts to complex
scene structures. These approaches are inherently limited
by the appearance of seams between patches. To address
this, we introduce a high-resolution image generation mod-
ule that integrates patch-wise inverted latents, avoiding the
need to generate each patch separately.

Another approach for high-resolution image generation
employs kernel dilation [18, 24, 40] in conjunction with
fixed-size pretrained diffusion models. ScaleCrafter [18] in-
troduces a training-free upscaling approach leveraging ker-

nel dilation, which eliminates the need for model retrain-
ing. Concurrently, FouriScale [24] has applied a frequency-
domain perspective to diffusion models with kernel dilation,
successfully reducing repetitive patterns and structural dis-
tortions, while maintaining visual integrity across scales.
Building on collective advancements in high-resolution im-
age generation [18], we design a high-resolution editing
module adapted from these approaches.

2.3. Image Editing with Diffusion Models
Recent studies show that controlling the attention mecha-
nism [3, 5, 17, 19] in the pretrained diffusion models pro-
vide fine-grained control over attention maps to guide the
generation process to achieve desired edited details while
maintaining the overall consistency of the image. In par-
allel, utilizing the inversion process in editing [17, 25, 33,
34, 37, 49], which maps a source image to the latent space
of the model, enables both generated images from the gen-
eration models and real images editing with conditional in-
puts such as text prompts and reference images. Yet, the
inversion process is excessively lengthy and underperforms
when the data distribution differs from the training data,
highlighting the need for investigating text-guidance-free
inversion method [33]. However, inversion-based image
editing methods are limited by the capabilities of pretrained
diffusion models [38, 45], which significantly restrict high-
resolution image editing.

To the best of our knowledge, CSD [27] is the first to
achieve high-resolution image editing, utilizing a score dis-
tillation approach for synchronous patch-wise generation.
CSD proposes score functions based on the Stein Varia-
tional Gradient Descent (SVGD) method, which are applied
across patches to enable more coherent generative priors for
high-resolution images, including panoramic views. How-
ever, boundary artifacts between patches remain a challenge
due to the quality of patch-wise sampling and are limited
by the dependency on pretrained models [2]. Our study
addresses this limitation by incorporating patch-wise edit-
ing along with high-resolution generation models, allowing
seamless, artifact-free editing across image patches, sug-
gested with extensive high-quality image editing results on
qualitative analysis.

3. Method
Our goal to edit the high-resolution image x0 ∈ RH×W×3

using the text prompt P with a text-guided diffusion
model [38, 45] which are trained by the fixed-size low-
resolution image x′

0 ∈ RH′×W ′×3. To perform such editing
operations, it is essential to first invert the image x0 into the
latent domain. The primary challenge lies in accurately in-
verting a high-resolution image x0 with the fixed-size pre-
trained T2I diffusion model, while simultaneously preserv-
ing the model’s intuitive text-based editing capabilities.



Figure 2. The overview of EDITCRAFTER pipeline. Since direct inversion of high-resolution images using the pretrained Stable Diffusion
(SD) model is not feasible, we first perform tiled DDIM inversion to generate a high-resolution latent representation. Utilizing this latent,
the reverse diffusion process is carried out with a re-dilated noise estimator. To enhance the quality of text-guided editing, we propose
manifold-constrained noise-damped classifier-free guidance (NDCFG++). In this figure, editing prompt P is “A raccoon peeking out from
behind a bush”.

Diffusion models are typically trained on resolutions of
512×512 or 1024×1024, which limits their capability to di-
rectly invert high-resolution images x0. To address this lim-
itation, we propose a straightforward yet effective method
called tiled DDIM inversion. This approach generates high-
resolution latent that is amenable to editing while preserv-
ing the original properties of the input high-resolution im-
age x0.

After inverting to obtain an edit-friendly high-resolution
latent, an additional challenge emerges: the fixed-size diffu-
sion model cannot handle high-resolution latents. To solve
this problem, we adopt the high-resolution image gener-
ator [18], which employs re-dilation techniques to adjust
the network’s receptive field for higher-resolution images.
However, our observations indicate that directly utilizing
the high-resolution image generator does not yield adequate
editing capabilities. Therefore, we modify the guidance
mechanism of the image generator, enabling it to function
effectively as an image editing tool.

In Sec. 3.1, we outline the foundational concepts of la-
tent diffusion models. Sec. 3.2 introduces our tiled DDIM
inversion technique for generating high-resolution latents.
Finally, we describe how to guide the high-resolution latent
using fixed-size pretrained diffusion models for editing pur-
poses in Sec. 3.3.

3.1. Preliminaries
The latent diffusion model (LDM) uses the encoder E to
encode image x′

0 ∈ RH′×W ′×3 into a latent represen-
tation z0 = E(x′

0) ∈ Rh′×w′×c and the decoder D to
reconstruct the image from the latent x̃′

0 = D(z) =
D(E(x′

0)). Similar to the denoising diffusion probabilistic
models (DDPM) [22], LDM executes a forward diffusion
process across time steps t ranging from 0 to T in the latent
space rather than the image space. The forward process that
add the noise to the original sample z0 to generate the noisy
tractable sample zt as follows:

  \label {eq:foward_process} q(z_t|z_0)=\mathcal {N}(z_t; \sqrt {\bar {\alpha }} z_0, (1 - \bar {\alpha }_t) I),  

   (1)

where αt is a predefined variance scheduler and ᾱ =∏t
i=1 αi. After the sufficient time steps T , q(zt|z0) con-

verges to a unit Gaussian N (0, I). The reverse process
gradually remove the noise and predict a clean sample zt−1

from the previous sample zt:

  \label {eq:reverse_process} p_\theta (z_{t-1}|z_t)=\mathcal {N}(z_{t-1}; \mu _\theta (z_t, t), \beta _t I),      (2)

where µθ and βt represent the mean and the time-dependent
constant variance, respectively. The mean µθ(zt, t) =
1√
αt

(
zt − βt√

1−ᾱt
ϵ
)

can be calculated by the noise estima-
tor predicting the noise ϵ given zt.

The goal is training the noise estimator (U-Net) to pre-
dict the noise ϵ from the noisy latents zt. In text-guided dif-
fusion models, we can control the reverse process through
input a text embedding c of a text prompt P , which is ob-
tained using a text encoder such as CLIP [42].

Since Stable Diffusion (SD) is trained with text condi-
tioning, we can modulate the influence of the conditional
text prompt P during the reverse diffusion process by em-
ploying classifier-free guidance (CFG) [21]. Utilizing the
null-text embedding ∅ extracted from a null-text “” and the
guidance scale parameter ω, the noise prediction incorpo-
rating classifier-free guidance is computed as follows:

  \label {eq:cfg_reverse} \epsilon _{\theta }(z_t, t, c, \varnothing ) &= \epsilon _{\theta }(z_t, t, \varnothing ) \notag \\ &+ \omega \cdot (\epsilon _{\theta }(z_t, t, c) - \epsilon _{\theta }(z_t, t, \varnothing )),    

        (3)

where the guidance scale w ≥ 0 ∈ R regulates the relative
influence of the conditional prediction ϵθ(zt, t, c) compared
to the unconditional prediction ϵθ(zt, t,∅).

For simplicity in notation throughout the subsequent
sections, we define the conditional prediction ϵc(zt) :=
ϵθ(zt, t, c) and the unconditional prediction ϵ∅(zt) :=
ϵθ(zt, t,∅). Consequently, Eq. 3 can be expressed as fol-
lows:

  \label {eq:cfg_reverse_simple} \epsilon _c^\omega (z_t) = \epsilon _{\varnothing }(z_t) + \omega [ (\epsilon _{c}(z_t) - \epsilon _{\varnothing }(z_t)].       (4)



The reverse process in SD is inherently stochastic, adher-
ing to the training framework established by DDPM [22].
To accelerate the sampling speed, the deterministic reverse
process of the DDIM sampling method [49] is commonly
employed. The reverse DDIM process that generates the la-
tent of previous time step zt−1 from the current time step
latent variable zt can be written as:

  \label {eq:ddim_reverse} z_{t-1} = \sqrt {\alpha _{t-1}} z_c^\omega (z_t) + \sqrt {1 - \alpha _{t-1}} \epsilon _c(z_t),




 


  (5)

where zωc (zt) = (zt −
√
1− αϵωc (zt)) /

√
αt. This reverse

process operates in the direction zt → z0.
As detailed in previous work [11, 49], the reverse DDIM

process described in Eq. 5 is approximately invertible. By
rearranging Eq. 5, we can derive the DDIM inversion pro-
cess as follows:

  \label {eq:ddim_inversion} z_{t+1} = \sqrt {\alpha _{t+1}} z_c^\omega (z_t) + \sqrt {1 - \alpha _{t+1}} \epsilon _c(z_t),




 


  (6)

which operates in the direction z0 → zt. Consistent with
prior work [9, 17, 33, 37], we employ this DDIM inversion
for the editing process.

3.2. Tiled DDIM Inversion
Since the noise estimator (U-Net) in Stable Diffusion is
trained on low-resolution images, directly inverting an en-
coded high-resolution image z0 = E(x0) into a high-
resolution latent zt is not feasible. To overcome this lim-
itation, we split the high-resolution image into the low-
resolution tiles and invert each tile separately. Let the
tile size S ∈ RH′×W ′×3 match the training resolution
of the noise estimator. We define the cropping function
Tx→i(S) : RH×W×3 → RH′×W ′×3 to extract the i-th re-
gion x(i) from a high-resolution image x. Its inverse func-
tion, Ti→x(S) : RH′×W ′×3 → RH×W×3 reintegrates the
tiled image into the i-th region of the high-resolution im-
age. Utilizing the function Tx→i(S), high-resolution image
is partitioned into non-overlapping tiles with size S thereby
facilitating DDIM inversion using Stable Diffusion. During
the inversion of each tile, we minimize the influence of the
text condition by setting the CFG guidance scale to ω = 0
in Eq. 4, thereby ensuring that ϵωc (zt) = ϵ∅(zt). Conse-
quently, the Eq. 6 becomes:

  \label {eq:null_inversion} z_{t+1} = \sqrt {\alpha _{t+1}} z_c^\omega (z_t) + \sqrt {1 - \alpha _{t+1}} \epsilon _\varnothing (z_t)




 


  (7)

After inverting each latent z(i)∗T , we concatenate all latents
to form the high-resolution inverted latent z∗T using the
function Ti→z(S / 8).

This tiled DDIM inversion approach enables the DDIM
inversion regardless of input image size as shown in Fig. 2.
Our key observation is that concatenating each inverted la-
tent and creating the high-resolution inverted latent can pro-
vide a good initial point for the subsequent reverse process
during editing. The pseudocode of tiled DDIM inversion is
detailed in Alg. 1.

Algorithm 1 Tiled DDIM Inversion
Require: Real image x0 ∈ RH×W×3 , Patch size S ∈
RH′×W ′×3

1: {x(0), x(1), · · · , x(n)} = Tx0→i(S) \triangleright Tiling
2: for i = 0 to n do
3: z

(i)
0 = E(x(i)) \triangleright Encode image

4: for j = 0 to T − 1 do
5: ϵωc (z

(i)
t ) = ϵ∅(z

(i)
t )

6: zωc (z
(i)
t )← (z

(i)
t −

√
1− ᾱtϵ∅(z

(i)
t )) /

√
ᾱt

7: z
(i)
t+1 =

√
ᾱt+1z

ω
c (z

(i)
t ) +

√
1− ᾱt+1ϵ

ω
c (z

(i)
t )

8: end for
9: z

(i)∗
T = Ti→z(S / 8) \triangleright Mapping

10: end for
11: return z∗T

3.3. High-resolution Sampling Process with Kernel
Dilation

Similar challenges arise during the inversion process, as
fixed-size diffusion models are incapable of handling high-
resolution latents in the sampling (reverse) process. An ex-
isting method [27] addresses this limitation by employing
a patch-wise joint reverse process, where overlapping re-
gions between patches interact. However, we observe that
this approach leads to an unintended issue with object rep-
etition, as it typically relies on a single editing prompt P .
This causes SD to propagate the object information speci-
fied by the text condition across all patches. To mitigate this
problem, we adopt kernel re-dilation method from Scale-
Crafter [18], which enables seamless high-resolution image
generation guided by text. A kernel re-dilation technique
adjust the network’s receptive field for higher-resolution im-
ages, ensuring consistency with the receptive field used in
the original lower-resolution generation. With the dillated
kernel, we start the reverse process from a high-resolution
latent zT ∼ N (0, Id) ∈ Rh×w×c to generate a high-
resolution image x0 ∈ RH×W×3.

Increasing the convolutional receptive field within di-
lated blocks impairs the model’s denoising capabilities.
To accurately reconstruct fine structural details while pre-
serving the original denoising performance, noise-damped
classifier-free guidance (NDCFG) [18] incorporates a
vanilla noise estimator with strong denoising capabilities ϵθ,
and a kernel re-dilated noise estimator that generates fine
content structures ϵ̃θ as follows:

  \label {eq:ndcfg} &\tilde {\epsilon }_c^{\omega }(z_t) = \epsilon _\varnothing (z_t) + \omega [\tilde {\epsilon }_c(z_t) - \tilde {\epsilon }_\varnothing (z_t)] \\ &\tilde {z}_c^{\omega }(z_t) \gets (z_t - \sqrt {1 - \alpha }_t \tilde {\epsilon }_c^\omega (z_t)) \mathop {/} \sqrt {\alpha }_t \\ \label {eq:ndcfg_renoising} &z_{t-1} = \sqrt {\alpha _{t-1}} \tilde {z}_c^{\omega }(z_t) + \sqrt {1 - \alpha _{t-1}} \tilde {\epsilon }_c^{\omega }(z_t).      

  




 









 





  (10)

When we try to edit with CFG ω = 7.5 as typically used
in SD, we observe that it cannot preserve the original input



image’s information since it was originally devised for the
generation purpose. Yet, Chung et al. [8] has demonstrated
that an excessive guidance scale in CFG can degrade the
generation quality of T2I diffusion models, whereas their
method achieves improved fidelity by reformulating text
guidance.

To integrate the idea that controls detailed information
at smaller text guidance scale while preserving object-
level information during sampling, we propose manifold-
constrained noise-damped classifier-free guidance (ND-
CFG++) as follows:

  \label {eq:ndcfgpp} &\tilde {\epsilon }_c^{\lambda }(z_t) = \epsilon _\varnothing (z_t) + \lambda [\tilde {\epsilon }_c(z_t) - \tilde {\epsilon }_\varnothing (z_t)]\\ &\tilde {z}_c^{\lambda }(z_t) \gets (z_t - \sqrt {1 - \alpha _t} \tilde {\epsilon }_c^\lambda (z_t)) \mathop {/} \sqrt {\alpha }_t \\ \label {eq:ndcfgpp_renoising} &z_{t-1} = \sqrt {\alpha _{t-1}} \tilde {z}_c^{\lambda }(z_t) + \sqrt {1 - \alpha _{t-1}} \epsilon _\varnothing (z_t),      

  




 









 


  (13)

where λ ∈ [0, 1] is a small guidance scale. This NDCFG++
is applied during the initial time steps when t ≤ τ , starting
from our inverted latent z∗T . When t ≥ τ , we adhere to the
standard CFG++ reverse steps to preserve consistency.

Since NDCFG extrapolates beyond and unconditional
noise prediction provided by vanilla noise estimator ϵθ and
the difference between conditional and unconditional noise
predictions from dilated noise estimator ϵ̃θ with the large
guidance scale ω ≥ 1 (Eq. 8), the resulting estimates may
potentially deviate from the data manifold. While ND-
CFG++ interpolates between that unconditional prediction
and the difference conditional and unconditional predic-
tions with the small guidance scale λ ∈ [0, 1], the result-
ing estimates are less likely deviate from the data manifold.
Additionally, a key distinction between NDCFG and ours
NDCFG++ lies in the renoising process (Eq. 10 & 13).
Using the unconditional noise ϵ∅(zt) predicted by vanilla
noise estimator ϵθ instead of ϵ̃ωc (zt) provides smoother tra-
jectory of editing as shown in Fig. 3. The whole algorithm
of our sampling process is outlined in Alg. 2.

Algorithm 2 Reverse Diffusion with Ours
Require: Inverted latent z∗T , λ ∈ [0, 1], τ ≤ T ∈ R

1: for t = T to 1 do
2: if t ≤ τ then \triangleright NDCFG++
3: ϵ̃λc (z

∗
t ) = ϵ∅(z

∗
t ) + λ[ϵ̃c(z

∗
t )− ϵ̃∅(z

∗
t )]

4: z̃λc (z
∗
t )← (z∗t −

√
1− αtϵ̃

λ
c (z

∗
t )) /

√
αt

5: z∗t−1 =
√
αt−1z̃

λ
c (z

∗
t ) +

√
1− αt−1ϵ∅(z

∗
t )

6: else \triangleright Vanilla CFG++
7: ϵ̃λc (z

∗
t ) = ϵ̃∅(z

∗
t ) + λ[ϵ̃c(z

∗
t )− ϵ̃∅(z

∗
t )]

8: z̃λc (z
∗
t )← (z∗t −

√
1− αtϵ̃

λ
c (z

∗
t )) /

√
αt

9: z∗t−1 =
√
αt−1z̃

λ
c (z

∗
t ) +

√
1− αt−1ϵ̃∅(z

∗
t )

10: end if
11: end for
12: x0 = D(z∗0) \triangleright Decode latent
13: return x0

Figure 3. The first and third rows visualize the decoded latents
over successive denoising steps. The second and fourth rows show
the guidance residual—i.e., the difference between the dilated con-
ditional and unconditional predictions ϵc(zt)−ϵ∅(zt). As denois-
ing progresses, our method (NDCFG++) preserves more semanti-
cally faithful signal and suppresses background noise, compared
with directly applying ScaleCrafter (NDCFG) after tiled inversion.

4. Experiments
4.1. Experiment Setup
We conduct experiments using two recent pretrained ver-
sions of Stable Diffusion, specifically SD 2.1 [45] and
SDXL 1.0 [38], to perform editing at resolutions exceed-
ing their respective training resolutions 512×512, and 1024
× 1024. We scale the number of pixels by factors of 4,
8, and 16, resulting in editing resolutions of 1024×1024,
2048×1024, and 2048×2048 for SD 2.1, and 2048×2048,
4096×2048, and 4096×4096 for SDXL. All experiments
are conducted on a single RTX 4090, demonstrating that our
method does not require extensive VRAM (ranging from
3.8GB at 1024×1024 to 18.2GB at 4096×4096). Unless oth-
erwise specified, all of our experiments are performed using
a small guidance scale parameter λ = 0.5. The ablation
study on the guidance scale is provided in the supplemen-
tary material.

4.1.1. Benchmark
To evaluate the high-resolution editing performance, we
collect an image editing dataset from high-resolution gener-
ation model [44], known for its high visual fidelity and close
resemblance to the natural images. The dataset includes 30
images with manually selected text prompts for each res-
olution including high-resolution square images and wide
panoramic images, yielding a total of 150 prompt-image
pairs. For creating editing prompts, we applied a word-
swapping technique to the original prompts used for image



Figure 4. Qualitative comparisons. (1) Original image, (2) Ours, and (3) CSD in 4×, 8× and 16× settings. Best viewed on screen with
zoom. The high-quality versions are provided in the supplementary material.

generation, replacing nouns that describe the main object or
phrases depicting the background.

4.1.2. Baselines
To the best of our knowledge, the only existing baseline
specifically designed for high-resolution image editing is
CSD [27]. CSD leverages a joint diffusion approach to gen-
erate fixed-size patches using InstructPix2Pix [2], a fine-
tuned variant of Stable Diffusion. Throughout the experi-
ments, we use the default parameter settings for CSD.

4.1.3. Evaluation Metrics
We utilize HPSv2 [52] and ImageReward [54] to assess
text-to-image alignment based on human preferences. Both
models are trained on datasets consisting of human pref-
erence selections for images corresponding to given text
prompts, using 645k and 137k text-image pairs, respec-
tively. We also evaluate baseline methods using CLIP-
Score [20] to assess editing quality. CLIPScore measures
the similarity between the edited image embedding and the
text embedding extracted from the editing prompt P .

In addition to the metrics mentioned above, user evalu-
ation is a crucial aspect of image editing tasks. Therefore,
we conducted a user study using Amazon MTurk to evalu-
ate the effectiveness of our method. A detailed example of
the user study is provided in the supplementary material.

4.2. Text-Guided High-Resolution Image Editing
4.2.1. Qualitative Evaluation
We present qualitative results to compare our method with
the baseline in Fig. 4. CSD [27] frequently exhibits repet-
itive objects due to its patch-wise generation scheme. This
limitation is illustrated by instances such as pandas appear-
ing on the head of a tiger in edits at 2048×1024 resolution
and koalas spanning the entire body of a chameleon in edits

Model Res Method ImageReward ↑ HPSv2 ↑ CLIPScore ↑

SD 2.1

4× 1:1 CSD 0.5538 0.2883 32.8353
Ours 1.4831 0.2935 34.8039

8× 1:2 CSD 0.7165 0.2782 32.2794
Ours 1.4238 0.2824 34.5303

16× 1:1 CSD 0.6304 0.2934 32.7795
Ours 1.6689 0.3017 35.3194

SDXL 1.0

4× 1:1 CSD 0.6304 0.2934 32.7795
Ours 1.6242 0.2991 34.8067

8× 1:2 CSD 0.2939 0.2767 32.0854
Ours 1.4133 0.2842 33.9795

16× 1:1 CSD 0.3699 0.2877 32.8440
Ours 1.4919 0.2949 34.4959

Table 1. Quantitative comparisons.

at 2048×2048 resolution. Furthermore, as the editing reso-
lution increases, CSD tends to adhere to the original image
rather than the editing prompt and produce white grids in-
dicating patch boundaries. In contrast, our EDITCRAFTER
demonstrates the capability to modify the shape of the target
object or adjust background layout as shown in the edited
results for object-centric and panoramic view images, re-
spectively. It consistently generates highly faithful editing
images that are well-aligned with the editing prompts while
preserving the intricate details of the original images. We
present more visual editing results in the supplementary
material.

We also compare our method to a naive baseline for high-
resolution image editing, which involves downsampling the
image to apply current state-of-the-art editing methods, fol-
lowed by upsampling to the desired higher resolution using
super-resolution techniques. To compare ours with state-of-
the-art fixed-size editing method, we applied 16× upsam-
pling using StableSR [51] on images edited by InfEdit [55]
which takes the input images resized by 512 × 512 from
2048× 2048.

Fig. 5 showcases a qualitative comparison highlighting



Figure 5. Comparison of 16× super-resolution upsampler [51]
with InfEdit [55] with our approach based on the 16× SD 2.1.

the superiority of our method, particularly in accurately
editing the semantic target while preserving high-resolution
detail. In both the “Tiger” and “Chicken” examples, our
method produces coherent and realistic outputs with struc-
tural integrity and fine-grained texture details, most notably
in the eye regions and furs. In contrast, InfEdit + StableSR
produces distorted facial features, indicating that perform-
ing edits at low resolution followed by upsampling leads to
a loss of fine-grained details. Comprehensive comparisons
with this approach are provided in the supplementary ma-
terial.

4.2.2. Quantitative Results
Tab. 1 represents a quantitative comparison between
CSD [27] and EDITCRAFTER. As shown, EDITCRAFTER
demonstrates superior performance over CSD on all
resolution. The evaluations using ImageReward [54],
HPSv2 [52], and CLIPScore [20] demonstrate that our edit-
ing results are highly aligned with the editing prompts and
human preferences. On the other hand, CSD fails to modify
the target object as specified by the text prompt, resulting
in limited editing responsiveness to object-level changes as
shown in the Fig. 4.

For the user study, we collected a total of 25 responses,
including 5 vigilance tasks, from 112 participants. The
results indicate that human evaluators preferred our ED-
ITCRAFTER method in 72.61% of cases compared to CSD.
These findings suggest that EDITCRAFTER more effec-
tively applies the requested edits, demonstrating stronger
alignment with user expectations.

4.2.3. Ablation Study
To evaluate contribution of each component in our method,
we conducted an ablation study on NDCFG++ within the
16× SD 2.1 setup. As demonstrated in the second row of
Tab. 2, removing NDCFG++ (τ = 0 in Alg. 2) results in
performance degradation, with our method achieving the
highest performance on text-to-image alignment. Without

(a) Input Image (b) Tiled Inv. 

+ ScaleCrafter

(c) w/o NDCFG++ (d) Ours

Change “Dog” to “Cat”

Figure 6. Ablation study qualitative results on the 16× SD 2.1 .

Method ImageReward ↑ HPSv2 ↑ CLIP Score ↑
Tiled Inv. + ScaleCrafter [18] 1.2595 0.2962 34.9431

Ours w/o NDCFG++ 1.6273 0.2911 35.0254
Ours 1.6689 0.3017 35.3194

Table 2. Ablation study quantitative results on the 16× SD 2.1.

NDCFG++, performance slightly drops in human prefer-
ence scores, and CLIP text-image matching score. As illus-
trated in Fig. 6, the contribution of NDCFG++ to qualitative
enhancement is evident in its capability in accurately posi-
tioning the target object’s head in the location of the original
object within the source image, ensuring alignment with the
object’s identity.

On the one hand, the ablated version of our method,
which excludes NDCFG++ and adopts the high CFG gener-
ation settings from ScaleCrafter [18], demonstrates dimin-
ished performance as shown in the first row of Tab. 2. This
decline is evidenced by a substantial reduction in ImageRe-
ward scores, as well as decreases in other text-based im-
age quality metrics. This generation setting overlooks the
critical role of text guidance in image editing, adversely
affecting both background integrity and the semantic con-
sistency of the object. Our method, in contrast, effectively
preserves the original background and object textures, in-
cluding pattern of water droplets or color pattern, resulting
in improved fidelity and alignment with the desired text-to-
image prompts as shown in the Fig. 6 (d).

5. Conclusion
We present EDITCRAFTER, a tuning-free and optimization-
free editing pipeline using pretrained diffusion models. By
utilizing an straightforward but effective approach with
tiled-inversion and NDCFG++, our method demonstrates
consistently superior performance across high-resolution
image editing methods. Notably, we conduct the first
extensive quantitative and qualitative evaluation in high-
resolution image editing, showcasing the effectiveness of
our method’s design. We anticipate that our proposed
framework, EDITCRAFTER, can be effectively integrated
into real-world applications, thereby enhancing the perfor-
mance in practical settings.
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A. Implementation Details
We provide additional implementation details of Alg. 2. To highlight the distinguishing factors between ScaleCrafter [18]
and our proposed method, we present both reverse processes. The DDIM sampling steps are configured to T = 50. For ×4
editing, we set τ = 10 and for both ×8 and ×16 editing, τ = 37. These settings are applied to both SD 2.1 [45] and SDXL
1.0 [38]. We follow the re-dilated convolution configurations for each resolution as implemented in ScaleCrafter. For both
CLIPScore [20] and CLIP Image Similarity [14], we employ the “ViT-B/32” model as the foundational architecture.

Algorithm 3 Reverse Diffusion with ScaleCrafter
Require: zT ∼ N (0, Id), 0 ≤ ω ∈ R, τ ≤ T ∈ R

1: for i = T to 1 do
2: if i ≤ τ then
3: ϵ̃ωc (zt) = ϵ∅(zt) + ω[ϵ̃c(zt)− ϵ̃∅(zt)]
4: else
5: ϵ̃ωc (zt) = ϵ̃∅(zt) + ω[ϵ̃c(zt)− ϵ̃∅(zt)]
6: end if
7: z̃ωc (zt)← (zt −

√
1− αtϵ̃

ω
c (zt)) /

√
αt

8: zt−1 =
√
αt−1z̃

ω
c (zt) +

√
1− αt−1ϵ̃

ω
c (zt)

9: end for
10: x0 = D(z0) \triangleright Decode latent
11: return x0

Algorithm 4 Reverse Diffusion with Ours
Require: Inverted latent z∗T , λ ∈ [0, 1], τ ≤ T ∈ R

1: for i = T to 1 do
2: if i ≤ τ then \triangleright NDCFG++
3: ϵ̃λc (z

∗
t ) = ϵ∅(z

∗
t ) + λ[ϵ̃c(z

∗
t )− ϵ̃∅(z

∗
t )]

4: z̃λc (z
∗
t )← (z∗t −

√
1− αtϵ̃

λ
c (z

∗
t )) /

√
αt

5: z∗t−1 =
√
αt−1z̃

λ
c (z

∗
t ) +

√
1− αt−1ϵ∅(z

∗
t )

6: else \triangleright Vanilla CFG++
7: ϵ̃λc (z

∗
t ) = ϵ̃∅(z

∗
t ) + λ[ϵ̃c(z

∗
t )− ϵ̃∅(z

∗
t )]

8: z̃λc (z
∗
t )← (z∗t −

√
1− αtϵ̃

λ
c (z

∗
t )) /

√
αt

9: z∗t−1 =
√
αt−1z̃

λ
c (z

∗
t ) +

√
1− αt−1ϵ̃∅(z

∗
t )

10: end if
11: end for
12: x0 = D(z∗0) \triangleright Decode latent
13: return x0

B. Effect of Classfier-Guidance Scale
We investigate the effect of small guidance scale λ ∈ [0, 1] in our sampling process. We examine the impact of varying the
small guidance scale parameter, λ, within the range [0, 1] on our sampling process. As depicted in Fig. A7, the reconstruction
produced with λ = 0 does not exactly replicate the original image; however, it serves as a promising initial foundation for
subsequent editing tasks. Notably, as λ increases, the edited images progressively conform more closely to the specified edit
prompt “wolf”. This tendency is also reflected when measure the metric. Fig. A8 illustrates that increasing the guidance
scale λ leads to higher values in edited image-text alignment metrics, while simultaneously reducing the preservation of the
original image as measured by CLIP Image Similarity [14].

This behavior indicates that higher guidance scales enhance the alignment between the generated modifications, thereby
facilitating more precise and controlled image editing. Based on our observations, we set the guidance scale parameter
λ = 0.5 to achieve an optimal balance between adhering to the editing prompt and preserving the original identity for all
experiments. However, users may adjust this setting to better suit real-world editing applications.



Figure A7. The effect of CFG scale.

Figure A8. The effect of CFG scale λ in 4 × SD 2.1.

C. User Study
In Sec. 4 of the main paper, we reported the preference statistics collected from 112 user study participants who passed
the vigilance tests from Amazon MTurk. We provide additional details of the user study in the following. We instructed
participants to select the most anticipated outcome when the displayed source image is edited by the text prompt with
the question used in [33]: Which one better applies the requested edit to the input image on
top, while preserving most of the details from the input image? The example of user study
screen is shown in Fig. A9.

D. Quantitative Evaluation of Low-Resolution Editing Combined with Super-Resolution
To the best of our knowledge, apart from CSD [27], no existing work directly addresses high-resolution image editing.
However, for a comprehensive evaluation, we present quantitative comparisons in Tab. A4 on our dataset against Prox-
Edit [17]+StableSR [51] and InfEdit [55]+StableSR [51], which are currently state-of-the-art image editing methods. Our
method, EDITCRAFTER, achieves the highest scores in both the ImageReward [54] and CLIPScore [20] metrics. Further-
more, although InfEdit + StableSR attains high HPSv2 scores, it is unable to capture intricate details because resizing disrupts
high-level information and subsequent super-resolution fails to recover these details, as demonstrated in Fig. A10.

Furthermore, we conducted two user studies to compare our method against InfEdit + StableSR and ProxEdit + StableSR,
respectively, using Amazon MTurk, following the same setup described in Sec. C. We collected a total of 25 responses,
including 5 vigilance tasks, from 124 participants for the comparison between our method and InfEdit + StableSR, and from
117 participants for the comparison with ProxEdit + StableSR. The results demonstrate that human evaluators preferred our
EDITCRAFTER method in 61.12%, and 92.38% of cases when compared to InfEdit + StableSR, and ProxEdit + StableSR,
respectively. These results demonstrate that EDITCRAFTER more effectively applies the intended edits, achieving better
alignment with user expectations compared to low-resolution editing combined with super-resolution.



Figure A9. Screen captures of user study. The top example illustrates a main question from the user study, while the bottom example
represents a vigilance question.

CSD Ours InfEdit + StableSR Ours ProxEdit + StableSR Ours

27.39% 72.61% 38.88% 61.12% 6.62% 92.38%

Table A3. User study results. Participants were instructed to select the most preferred editing outcome based on its fidelity to both the
original input image and the given textual edit instruction.

Res Method ImageReward ↑ HPSv2 ↑ CLIPScore ↑

4× 1:1 CSD 0.5538 0.2883 32.8353
InfEdit+SR 1.2212 0.2982 33.6893

ProxEdit+SR -0.5561 0.2833 30.3980
Ours 1.4831 0.2935 34.8039

8× 1:2 CSD 0.7165 0.2782 32.2794
Ours 1.4238 0.2824 34.5303

16× 1:1 CSD 0.6304 0.2934 32.7795
InfEdit+SR 1.6670 0.3021 35.1438

ProxEdit+SR 0.5440 0.2873 32.6323
Ours 1.6689 0.3017 35.3194

Table A4. Quantitative comparisons on SD2.1.



Figure A10. InfEdit+StableSR vs. EditCrafter for the teaser image.



E. High Quality Version of Fig. 4
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F. More Qualitative Comparisons

Original Image CSD [27] EDITCRAFTER (Ours)

SD2.1 ×4 “moon” → “earth”

SD2.1 ×4 “blanket” → “grass”

SD2.1 ×4 “cactus” → “aloe”



Original Image CSD [27] EDITCRAFTER (Ours)

SD2.1 ×4 “lemon” → “cucumber”

SD2.1 ×4 “tulips” → “roses”

SD2.1 ×4 “vilage” → “castle”



Original Image CSD [27] EDITCRAFTER (Ours)

SD2.1 ×8 “vilage” → “castle”

SD2.1 ×8 “fox” → “lion”

SD2.1 ×8 “owl” → “hawk”

SD2.1 ×8 “parm tree” → “umbrella”

SD2.1 ×8 “shark” → “dolphin”



Original Image CSD [27] EDITCRAFTER (Ours)

SD2.1 ×16 “berrys” → “roses”

SD2.1 ×16 “cat” → “goat”

SD2.1 ×16 “soccer ball” → “crystal ball”



Original Image CSD [27] EDITCRAFTER (Ours)

SDXL ×4 “asphalt” → “dessert”

SDXL ×4 “gems” → “bones”

SDXL ×4 “phoenix” → “chicken”



Original Image CSD [27] EDITCRAFTER (Ours)

SDXL ×8 “cloud” → “mushroom”

SDXL ×8 “lion” → “tiger”

SDXL ×8 “shell” → “crab”

SDXL ×8 “snow globe” → “jungle globe”

SDXL ×8 “whale” → “turtle”



Original Image CSD [27] EDITCRAFTER (Ours)

SDXL ×16 “apple” → “pink peach”

SDXL ×16 “bee” → “hummingbird”

SDXL ×16 “bird” → “owl”



Original Image CSD [27] EDITCRAFTER (Ours)

SDXL ×16 “mountain” → “sand dune”

SDXL ×16 “stone” → “Stonehenge”

SDXL ×16 “waterfall” → “lava flow”
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