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Fig. 1: Guide-and-Rescale for real image editing. Our method allows to manip-
ulate images for a wide range of different editings. It achieves a good balance between
quality of manipulation and preservation of the original image.

Abstract. Despite recent advances in large-scale text-to-image genera-
tive models, manipulating real images with these models remains a chal-
lenging problem. The main limitations of existing editing methods are
that they either fail to perform with consistent quality on a wide range
of image edits or require time-consuming hyperparameter tuning or fine-
tuning of the diffusion model to preserve the image-specific appearance
of the input image. We propose a novel approach that is built upon a
modified diffusion sampling process via the guidance mechanism. In this
work, we explore the self-guidance technique to preserve the overall struc-
ture of the input image and its local regions appearance that should not
be edited. In particular, we explicitly introduce layout-preserving energy
functions that are aimed to save local and global structures of the source
image. Additionally, we propose a noise rescaling mechanism that allows
to preserve noise distribution by balancing the norms of classifier-free
guidance and our proposed guiders during generation. Such a guiding
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approach does not require fine-tuning the diffusion model and exact in-
version process. As a result, the proposed method provides a fast and
high-quality editing mechanism. In our experiments, we show through
human evaluation and quantitative analysis that the proposed method
allows to produce desired editing which is more preferable by humans and
also achieves a better trade-off between editing quality and preservation
of the original image. Our code is available at https://github.com/AIRI-
Institute/Guide-and-Rescale.

1 Introduction

In recent years, diffusion models [8,26] have been rapidly developed due to their
high generation quality. Therefore, they have started to be actively used as a
base model for text-to-image generative models [20–22], where an image has to
be generated from a textual description. Although such models have already
achieved impressive results, they are still difficult to apply to the task of editing
real images. The main problem is to find a balance between making the edited
image reflect the expected change and preserving the original structure and the
parts that should not have been edited.

Existing approaches to image manipulation based on text-to-image models
address this task in different ways and can be categorized into three main groups
of methods. Approaches from the first category [11,27,30] use fine-tuning of the
whole diffusion model on the input image in order to preserve its structure
and all necessary details during editing. Although such a strategy gives good
results, the optimization process makes them very long, which does not allow to
apply them in practice. In the next group of methods [1, 2, 4–7, 18], instead of
the optimization step, they use internal representations of images in the diffusion
model and replace them during generation to preserve parts of the original image
that should not change during editing. These methods are significantly faster
than optimization-based methods, but they are not universal and require careful
tuning of hyperparameters. As a result, they can only work consistently for
a narrow set of edits. Finally, the third group of methods [15–17, 28] focuses
on building a high-quality reconstruction of the original image by minimizing
the discrepancy between the forward and backward trajectories of the diffusion
processes. The main problem of this group of methods is the additional time
required to construct a good quality inversion. In general, the currently available
methods for manipulating real images have many limitations in terms of time,
quality, and edit versatility, so it is still a challenging problem to find a model
that is efficient, high quality, and covers most of the edit types.

In this paper, we investigate the guidance technique for the problem of real
image editing. As most of the tunning-free approaches leverage UNet internal
representations which are cached during inversion and used during editing gen-
eration, it causes misalignment between real features and inserted ones, and
therefore noise trajectory may leave the distribution of natural images. To over-
come these issues we propose special energy functions named guiders that are
designed to preserve overall source image structure and local regions that should
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not be edited as well. We explicitly introduce preserving term that smoothly
manipulates overall noise trajectory distribution. Additionally, we extend our
framework by the automatic mechanism of noise rescaling which prevents dis-
crepancy of noise trajectory from initial diffusion sampling by balancing the
norms of classifier-free guidance and our proposed guiders. Our approach does
not require the exact reconstruction as well as the fine-tuning the diffusion model,
so it is computationally efficient. Due to the flexibility of the proposed guiders,
our method is versatile and supports many types of editing, from local changes
of objects to global stylisation (see Fig. 1).

We apply our method to Stable Diffusion [21] model and conduct an extensive
set of experiments for comparison with other methods. Our approach achieves
a better balance between editing quality and preservation of the original image
structure in terms of CLIP/LPIPS scores for a wide range of different editing
types. For a standard image-to-image problem (Dog ! Cat) we show that our
method performs better than other baselines. Also, we provide user studies and
show that our approach is most preferable in human evaluation.

2 Related Work

Diffusion models [8,26] show high-quality results in generative modeling. This is
the reason why they could be used to solve the image editing problem. Text-to-
image diffusion models [20–22] are particularly useful and common for solving
this problem. One of the first text-guided image editing methods is SDEdit [14]
whose main idea is to add the noise step by step and then denoise with different
conditions, but the quality of the editing is not so high. We can distinguish three
main groups of editing methods which we consider next.

Optimization-based methods. Methods in the first group [11, 27, 30] are
based on fine-tuning the diffusion for the input image. In Imagic [11] and SINE
[30] the diffusion model is fine-tuned on the original image, and the target
prompt, which allows taking into account initial image characteristics but slows
down the editing process. UniTune [27] fine-tunes the model only on the orig-
inal image, but it still works slowly. However, UniTune, in contrast to Imagic
and SINE, allows applying multiple edits to one image without any additional
optimization.

Methods that utilize internal representations of the diffusion model.
The following approaches [1, 2, 4–7, 18] are based on using internal representa-
tions of the image in the text-to-image diffusion model, such as features from
cross-attention and self-attention layers to preserve the structure and the details
of the original image. Prompt-to-Prompt [7] controls the cross-attention by re-
placing maps for new tokens from the target prompt and preserving maps in the
overlapping tokens. In [18] authors guide cross-attention maps to reference recon-
struction with a source prompt during the denoising process. Plug-and-Play [4]
outperforms Prompt-to-Prompt by using feature and self-attention outputs as
conditions for the diffusion model to focus on spatial features and their self-
affinities. InstructPix2Pix [1] proposes an approach based on a combination of
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Fig. 2: Overall scheme of the proposed methodGuide-and-Rescale. First, our method
uses a classic ddim inversion of the source real image. Then the method performs real
image editing via the classical denoising process. For every denoising step the noise
term is modi�ed by guider that utilizes latents zt from the current generation process
and time-aligned ddim latents z�

t .

Prompt-to-Prompt and the language model to control editing through speci�c
instructions, but it requires an additional dataset generation phase.

The limitation of previous methods is the di�culty of changing poses and
object locations. MasaCtrl [2] uses mutual self-attention features based on recon-
struction during editing to preserve the local content and textures of the original
image. In ProxMasaCtrl [6], which is MasaCtrl extension, an additional proximal
gradient step for the scaled noise di�erence is used to change the geometry and
layout in edited images. Despite the ability to change object poses, the disadvan-
tage of MasaCtrl is that the original image, the object background, is preserved
inaccurately. Self-guidance [5] proposes an approach to simple editings such as
changing object position, size, and color by using intermediate activations and
attention interactions as guidance signals during generation. The method we
propose is based on this self-guidance mechanism, but we develop it for any type
of editing.

Methods that improve the inversion part. The next group of meth-
ods [15�17, 28] focuses on improving the quality of the image reconstruction,
and it allows to preserve parts of the image that should not be edited and the
overall structure. This is achieved by narrowing the gap between the forward and
backward trajectories of the di�usion model. Null-text Inversion [16] is proposed
as an adaptation of Prompt-to-Prompt [7] for real images and is based on the
optimization of the null-text embedding which is used in classi�er-free guidance.
To avoid learning the null-text embedding for each image, a new method for
its approximation by the source prompt embedding is suggested in Negative-
prompt Inversion [15], but it can lead to artifacts. EDICT [28] overcomes the
restrictions of DDIM [24] in the image reconstruction by mathematically pre-
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cise image inversion, but requires some additional computation time. Finally,
AIDI [17] is proposed to increase the precision of the reconstruction by applying
�xed-point iteration, Anderson acceleration in inversion, and blended guidance
for sampling.

The main problem of the methods in this group is the extra time needed to
achieve a high-quality reconstruction of the initial image. Our method in contrast
does not require an optimization and additional phase for image reconstruction,
and therefore it is more computationally e�cient.

3 Method

3.1 Preliminaries

Di�usion Model. The method uses a pre-trained text-to-image di�usion model.
In our experiments, we use a publicly available Stable Di�usion (SD) [21] model,
speci�cally its checkpoint stable-di�usion-v1-4. Our method does not �netune or
modify it.

SD is a latent di�usion model (LDM) [21], meaning that the model operates
in a latent space. Using a pre-trained VAE [12] encoder,Enc:, one can encode
an image into a sample from the latent space. And, likewise, given a latentz and
a VAE decoder, Dec:, one can obtain an image space samplex. However, our
method does not rely on the existence of the latent space, so it may be applied
to di�usion models, that perform sampling directly in the image space [22].

SD is a text-to-image model, meaning that it can be conditioned on tex-
tual captions. Our method heavily relies on this property, as it requires two
prompts to be speci�ed: a source prompt, describing the initial image, and a
target prompt, outlining the desired result of editing.

We use DDIM [24] sampling with T = 50 intermediate steps, where a single
sampling step is de�ned as:

zt � 1 = at zt + bt " � (zt ; t; y ); (1)

whereat ; bt are speci�ed coe�cients, zt is a current latent, t is a current timestep,
y is conditioning data and " � (zt ; t; y ) is the noise, predicted by the di�usion
model.

To allow the di�usion model to operate with real images, we need a noised
latent zT , corresponding to this image. For this purpose, we use DDIM inversion,
de�ned similarly to Equation 1:

zt +1 = a�
t zt + b�

t " � (zt ; t; y ): (2)

Even though DDIM inversion is not stable, as noted by the authors of
Prompt-to-Prompt [7], our method overcomes this issue without any enhance-
ments to the inversion process or optimization and is capable of preserving fea-
tures of the initial image, as we show in experiments.
Guidance. Guidance mechanism takes the prediction of the di�usion model
and enhances it with information from additional data. Classi�er guidance relies
on a separate model, classi�erp(yjzt ), trained on noised latents. As long as this
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classi�er is di�erentiable with respect to the current latent, we can subtract score
function r zt logp(yjzt ) from the di�usion model prediction to sample from the
conditional distribution p(zt jy) instead of the data distribution p(zt ).

Training a separate classi�er on speci�c data may sometimes be a resourceful
task. Given a conditional di�usion model, one can rely on this model's knowl-
edge about additional data, that it inquires with conditioning capabilities. This
guidance technique is called classi�er-free guidance (CFG) [9]. To determine the
sampling direction, which leads to correspondence with conditioning datay,
CFG compares a conditional prediction of the model with an unconditional one.
In case of text-to-image models, the latter can be easily obtained by condition-
ing the model on the empty text ? = \" . With CFG incorporated, the di�usion
model prediction, used in both sampling, Equation 1, and inversion, Equation
2, takes the form of "̂ � (zt ; t; y ):

"̂ � (zt ; t; y ) = CFG( zt ; t; y; w) = " � (zt ; t; ? ) + w
�
" � (zt ; t; y ) � " � (zt ; t; ? )

�
; (3)

where w is a guidance scale, that controls to which extent additional data y
in�uences the generation process. For SD model, the guidance scale is typically
chosen asw = 7 :5. It is important to note, that with w = 1 CFG sampling step
equals regular conditional sampling.
Self-guidance. As proposed in [5], the choice in guidance sources is not lim-
ited to either the classi�er or the di�usion model itself. One can use any energy
function g to guide the sampling process, as long as there exists a gradient
with respect to zt . When the energy function uses outputs of internal layers of
the di�usion model, the guidance process is calledself-guidance. The authors of
the method suggest de�ning energy functiong on top of cross-attention maps
A cross := cross attn:[" � (zt ; t; y )] and the output of penultimate layer of the di�u-
sion model decoder, features	 := features[" � (zt ; t; y )]. To add self-guidance to
CFG, one has to modify "̂ � (zt ; t; y ) from Equation 3 as:

"̂ � (zt ; t; y ) = CFG( zt ; t; y; w) + v � r zt g(zt ; t; y; A cross; 	 ); (4)

where v is a self-guidance scale.

3.2 Guide and Rescale

Consider an initial image x init , a source prompt ysrc and a target prompt ytrg .
For example, let x init be a photo of a woman with blue hair, wearing a shirt
with a drawing. A source prompt, describing the initial image, can be de�ned as
ysrc = \ A photo of a woman wearing a shirt with a drawing" . A target prompt
should describe the desired editing result. For instance, if we want to change the
color of the shirt to red, the target prompt can be de�ned as ytrg = \ A photo
of a woman wearing ared shirt with a drawing " . This example is illustrated in
Fig. 3.

Our goal is to generate an imagexedit , that would correspond to the editing,
speci�ed in ytrg . At the same time, xedit should contain all the features ofx init ,
not in�uenced by editing. For example, when changing the color of the shirt,
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Fig. 3: Editing example. From left to right, �rst: initial image; second: naive editing,
described in Equation 6; third: editing with simple energy function g from Equation 7;
fourth: editing with the proposed method.

xedit and x init should be the same in all other aspects. Meaning, that we should
preserve the background of the photo and the visual appearance of the woman,
including the color of her hair, her facial expression, and her position.

A naive approach to obtain correspondence toytrg can be described as follows.
First, we obtain a DDIM inversion trajectory f z�

t gT
t =0 for x init , conditioning on

ysrc . We use CFG with guidance scalew = 1 , i.e. regular conditional sampling:
z�

0 = Enc:(x init )
z�

t +1 = a�
t z�

t + b�
t " � (z�

t ; t; ysrc )
�
�
0� t � T � 1: (5)

A noised latent z�
T has information about x init encoded, so an obvious further

step would be to synthesize an image, starting from obtainedz�
T and conditioning

on ytrg , using CFG with standard sampling guidance scalew = 7 :5:
ẑT = z�

T
ẑt � 1 = at ẑt + bt CFG(ẑt � 1; t; y trg ; 7:5)

�
�
1� t � T

xedit = Dec:(ẑ0):
(6)

This method achieves near-perfect coherence withytrg . However, due to a
mismatch of guidance scales and conditioning data in inversion and sampling
processes, trajectoryf ẑt gT

t =0 ends up being too far fromf z�
t gT

t =0 . This results in
x init being modi�ed signi�cantly, as shown by the second image in Fig. 3.

In previous works, there are di�erent workarounds suggested. For example,
substituting inner representations of the di�usion model with corresponding rep-
resentations fromf z�

t gT
t =0 [2,7,25], �netuning the model [11] or optimizing null-

text embeddings [16] to movef ẑt gT
t =0 closer to the inversion trajectory.

In this work, we suggest addressing this problem with modi�ed self-guidance.
As inversion trajectory is an almost perfect reconstruction trajectory for x init ,
we suggest guiding the sampling process with respect tof z�

t gT
t =0 . This way we

will be able to preserve features of the initial image. For example, we can simply
de�ne the function g as an L2 norm of the di�erence of the current latent,
obtained with CFG sampling in Equation 6, and the corresponding inversion
latent:
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