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INTERACTIVE POINT-BASED IMAGE EDITING

Background
[0001] Generating images by image-to-image translation, i.e., modifying an existing
image, and image synthesis, 1.e., creating an original image with desired characteristics and
features, has become increasing popular. Image editing with generative models has attracted
extensive attention recently. Such image-to-image translation aims to map images in one
domain to another specific domain. Existing methods mainly solve this task via a deep
generative model, and focus on exploring a relationship between different domains. The

controllability and reliability of those methods need to be further improved.

Summary

[0002] According to implementations of the subject matter described herein, a solution
for interactive point-based image editing. In this solution, a user edit input for a source
image is obtained to indicate at least one handle point and at least one target point in the
source image. A feature map is extracted from the source image using a diffusion model at
an iteration step of an inverse denoising diffusion process performed on the source image.
The feature map is then updated based on the user edit input. Then a target image is
generated based on the updated feature map using the diffusion model through a denoising
diffusion process performed on the updated feature map. By usage of the diffusion model,
this solution can greatly enhance the applicability of interactive point-based image editing.
The user edit input can be applied on the feature map of the diffusion model, which are

known to contain rich semantic and geometric information, to achieve precise spatial control.

[0003] The Summary is provided to introduce a selection of concepts in a simplified
form that are further described below in the Detailed Description. The Summary is neither
intended to identify key features or essential features of the subject matter described herein,

nor is it intended to be used to limit the scope of the subject matter described herein.

Brief Description of the Drawings

[0004]  Through the following detailed descriptions with reference to the accompanying

drawings, the above and other objectives, features and advantages of the example
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embodiments disclosed herein will become more comprehensible. In the drawings, several
example embodiments disclosed herein will be illustrated in an example and in a non-

limiting manner, where:

[0005]  FIG. 1 illustrates a block diagram of an example environment in which various

embodiments of the present disclosure can be implemented;

[0006] FIG. 2 illustrates a block diagram of an architecture for point-based image editing

in accordance with some example embodiments of the present disclosure;

[0007] FIG. 3 illustrates a block diagram of an architecture for low rank adaptation
(LoRA) fine-tuning in accordance with some example embodiments of the present

disclosure;

[0008] FIG. 4 illustrates a block diagram of an architecture for latent optimization in

accordance with some example embodiments of the present disclosure;

[0009] FIG. 5 illustrates an example of feature map updating during the iteration process
of the latent optimization in accordance with some example embodiments of the present

disclosure;

[0010] FIG. 6 illustrates a block diagram of a control mechanical on a self-attention
module of the diffusion model in accordance with some example embodiments of the

present disclosure;

[0011] FIG. 7A illustrate example results on the impact of the inversion step of the
feature map to be updated in accordance with some example embodiments of the present

disclosure;

[0012] FIG. 7B illustrate example results on the impact of the number of LoRA fine-

tuning steps in accordance with some example embodiments of the present disclosure;

[0013] FIG. 8 illustrates a flowchart of a process for model training in accordance with

some example embodiments of the present disclosure; and

[0014] FIG. 9 illustrates a block diagram of an example computing system/device

suitable for implementing example embodiments of the present disclosure.

Detailed Description
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[0015]  Principle of the present disclosure will now be described with reference to some
embodiments. It is to be understood that these embodiments are described only for purpose
of illustration and help those skilled in the art to understand and implement the present
disclosure, without suggesting any limitation as to the scope of the disclosure. The
disclosure described herein can be implemented in various manners other than the ones

described below.

[0016] In the following description and claims, unless defined otherwise, all technical
and scientific terms used herein have the same meaning as commonly understood by one of

ordinary skills in the art to which this disclosure belongs.

99 46

[0017] References in the present disclosure to “one embodiment,” “an embodiment,” “an
example embodiment,” and the like indicate that the embodiment described may include a
particular feature, structure, or characteristic, but it is not necessary that every embodiment
includes the particular feature, structure, or characteristic. Moreover, such phrases are not
necessarily referring to the same embodiment. Further, when a particular feature, structure,
or characteristic is described in connection with an example embodiment, it is submitted

that it is within the knowledge of one skilled in the art to affect such feature, structure, or

characteristic in connection with other embodiments whether or not explicitly described.

[0018] It shall be understood that although the terms “first” and “second” etc. may be
used herein to describe various elements, these elements should not be limited by these
terms. These terms are only used to distinguish one element from another. For example, a
first element could be termed a second element, and similarly, a second element could be
termed a first element, without departing from the scope of example embodiments. As used
herein, the term “and/or” includes any and all combinations of one or more of the listed

terms.

[0019] The terminology used herein is for purpose of describing particular embodiments
only and is not intended to be limiting example embodiments. As used herein, the singular
forms “a”, “an” and “the” are intended to include the plural forms as well, unless the context
clearly indicates otherwise. It will be further understood that the terms “comprises”,
“comprising”, “has”, “having”, “includes” and/or “including”, when used herein, specify
the presence of stated features, elements, and/or components etc., but do not preclude the

presence or addition of one or more other features, elements, components and/ or
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combinations thereof.

[0020]  Asused herein, the term “model” is referred to as an association between an input
and an output learned from training data, and thus a corresponding output may be generated
for a given input after the training. The generation of the model may be based on a machine
learning technique. The machine learning techniques may also be referred to as artificial
intelligence (Al) techniques. In general, a machine learning model can be built, which
receives input information and makes predictions based on the input information. For
example, a classification model may predict a class of the input information among a
predetermined set of classes. As used herein, “model” may also be referred to as “machine

learning model”, “learning model”, “machine learning network” , or “learning network,”

which are used interchangeably herein.

[0021]  Generally, machine learning may usually involve three stages, i.e., a training stage,
a validation stage, and an application stage (also referred to as an inference stage). At the
training stage, a given machine learning model may be trained (or optimized) iteratively
using a great amount of training data until the model can obtain, from the training data,
consistent inference similar to those that human intelligence can make. During the training,
a set of parameter values of the model is iteratively updated until a training objective is
reached. Through the training process, the machine learning model may be regarded as
being capable of learning the association between the input and the output (also referred to
an input-output mapping) from the training data. At the validation stage, a validation input
is applied to the trained machine learning model to test whether the model can provide a
correct output, so as to determine the performance of the model. Generally, the validation
stage may be considered as a step in a training process, or sometimes may be omitted. At
the application stage, the resulting machine learning model may be used to process a real-
world model input based on the set of parameter values obtained from the training process

and to determine the corresponding model output.

[0022] FIG. 1 illustrates a block diagram of an example environment 100 in which
various embodiments of the present disclosure can be implemented. The environment
100 involves an image editing scenario, where a source image 102 is to be edited by
an image editing system 110, to generate an edited target image 104. The image editing
system 110 may utilize an image generative model 112 to generate the target image
104 from the source image 102 based on the user edit input.
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[0023] Some image generation solution can enable interactive point-based image editing,
i.e., drag-based editing. Under this framework, the user first clicks several pairs of handle
and target points on the source image 102, as illustrated in FIG. 1. Then, the image
generative model 112 performs semantically coherent editing on the image that moves the
contents of the handle points to the corresponding target points. In some cases, users can
draw a binary mask to specify which region of the source image is editable and which region
remains unchanged. The goal of the image editing is to move the feature at the handle points

to the target points.

[0024] In FIG. 1, the image editing system 110 may include any computing system
or device with the computing capability, such as various computing devices/systems,
terminal devices, servers, and the like. Terminal devices may include any type of
mobile terminal, fixed terminal or portable terminal, including mobile phone, desktop
computer, laptop computer, netbook computer, tablet computer, media computer,
multimedia tablet, or any combination thereof, including accessories and peripherals
of these devices or any combination thereof. Servers include but are not limited to
mainframe, edge computing nodes, computing devices in a cloud environment, and the

like.

[0025] It would be appreciated that the components and arrangements in the
environment 100 shown in FIG. 1 are only examples, and a computing system suitable
for implementing the example embodiments described in the present disclosure may
include one or more different components, other components, and/or different

arrangements.

[0026] Accurate and controllable image editing is a challenging task. Most of these
methods aim to edit the images by manipulating the prompts accompanied with the image.
However, as many editing attempts are difficult to convey through text, the prompt-based
paradigm usually alters the image’s high-level semantics or styles, lacking the capability of

achieving precise pixel-level spatial control.

[0027]  Recently, generative adversarial networks (GAN) have emerged as a powerful
tool for generative tasks, and significantly thrive in the field of deep generative models.
Some image editing solutions are relied on GAN, to provide an interactive point-based

image editing framework that achieves impressive editing results with pixel-level precision.
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However, due to its reliance on generative adversarial networks (GANS), its generality is
limited by the inherent model capacity of pretrained GAN models mainly for two reasons.
First, the reliability of GAN-based methods is low, which inevitably limits the capability
and flexibility for GAN applications. Previous methods mainly focus on exploring the
underlying relationship between different domains, yet neglect to utilize the rich

information inside images to boost image translating performance further.

[0028] According to embodiments of the present disclosure, there is proposed an
improved solution for interactive point-based image editing. In this solution, a user edit
input for a source image is obtained to indicate at least one handle point and at least one
target point in the source image. A feature map is extracted from the source image using a
diffusion model at an iteration step of an inverse denoising diffusion process performed on
the source image. The feature map is then updated based on the user edit input. Then a target
image is generated based on the updated feature map using the diffusion model through a
denoising diffusion process performed on the updated feature map. By usage of the diffusion
model, this solution can greatly enhance the applicability of interactive point-based image
editing. The user edit input can be applied on the feature map of the diffusion model, which
are known to contain rich semantic and geometric information, to achieve precise spatial

control.

[0029] Some example embodiments of the present disclosure will be described in detail

below with reference to the accompanying figures.

[0030] Reference is first made to FIG. 2. FIG. 2 illustrates a block diagram of an
architecture 200 for point-based image editing in accordance with some example
embodiments of the present disclosure. In the example embodiments of the present
disclosure, a diffusion model 210 is applied as an image generative model used for the image
editing. The architecture 200 can be implemented at the image editing system 110 of FIG.

1. For purpose of illustration, reference is made to FIG. 1.

[0031] Diffusion models are a class of generative models. As a likelihood-based model,
the diffusion model matches the underlying data distribution by learning to reverse a noising
process, and thus novel images can be sampled from a prior Gaussian noise distribution via
the learned reverse path. The example embodiments of the present disclosure enabling a

versatile paradigm with diffusion models - interactive point-based image editing, to explore
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better controllability on diffusion models beyond the prompt-based image editing. Before

describing the image editing, the diffusion model is briefly introduced first.

[0032] Diffusion model, also known as Denoising Diffusion Probabilistic Model
(DDPM), belongs to a family of latent generative models. The mechanism of common
generative models (for example, GAN or VAE) is mainly to add information step by
step given an input of a "limitation" (for example, type, style, or the like), and finally
get the generation result (for example, image). Different from the common generative
models, a diffusion model "samples" a special distribution from noise information (for
example, Gaussian noise) according to certain conditions step by step, and finally gets
the generation result with the increase of "sampling" iterations. In other words, the
generation process of diffusion model is to extract required data from noise through
multiple iterations, and make sure that the quality of the generated data gets better with
the increment of iteration steps. The input of the diffusion model includes Gaussian

noise, and the output is the data to be generated.

[0033] In general, the modelling of diffusion model includes a denoising diffusion
process and an inverse denoising diffusion process. The denoising diffusion process is
to generate images by repeatedly removing noise step by step, while the inverse

denoising diffusion process is to predict noise by gradually noise addition on images.

[0034] Concerning a data distribution q(=) , DDPM approximates q(2) as the
marginal P (z0) ofthe joint distribution between Zj and a collection of latent random

variables Z1.7. Specifically,

_ _ (1
po(20) = [ﬁo{_znzﬂdﬂ:n

where pal(zT) is a standard normal distribution and the transition kernels P#{2zt—1|%t)
of this Markov chain are all Gaussian conditioned on z:. In the context herein, Zy corresponds
to image samples given by users, and Z: corresponds to the latent code after ¢ iteration steps

of the diffusion process.

[0035] In some example embodiments, the diffusion model 210 may be a Denoising

Diffusion Implicit Model (DDIM). The denoising diffusion process of DDIM may
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refers to DDIM denoising process, and the inverse denoising diffusion process of

DDIM may refers to DDIM inversion process.

[0036] Insome example embodiments, the diffusion model 210 may be a latent diffusion
model (LDM), which maps data into a lower-dimensional space via a variational auto-
encoder (VAE) and models the distribution of the latent embeddings instead. Based on the
framework of LDM, several powerful pretrained diffusion models have been released
publicly, including the Stable Diffusion (SD) model. In SD model, the network responsible
for modeling P#(Zt—1[Zt) is implemented as a UNet that comprises multiple self-

attention and cross-attention modules.

[0037] During the image editing according to the embodiments of the present disclosure,
a user edit itnput 206 for the source image 102 is obtained, which at least indicates at least
one handle point 220 and at least one target point 222 in the source image 102. In some
example embodiments, the user edit input 206 may include several pairs of handle and target
points in the source image 102. The user edit input 206 may be obtained through any suitable
ways of user instructions. In some example embodiments, the user edit input 206 may
further indicate an editable region in the source image 102, which may be provided as a
mask specifying the editable region. The user may thus not want other regions in the source

image 102 to be changed.

[0038] At an image generation state 204, a feature map is extracted from the source
image 102 using the diffusion model 210. This feature map is extracted by the diffusion
model 210 at an iteration step (at a #-th step) of an inverse denoising diffusion process
performed on the source image 102. The inverse denoising diffusion process is to predict
noise by gradually noise addition on the source image 102. At each iteration step, a
feature map (also referred to as a latent code or a diffusion latent code) is obtained for

the source image 102.

[0039] Then the feature map extracted at the #-th step of the inverse denoising diffusion
process may be updated or optimized based on the user edit input, to obtain an updated
feature map. That is, in embodiments of the present disclosure, the diffusion latent code is
optimized according to the user instruction (i.e., the handle and target points, and optionally
a mask specifying the editable region) to achieve the desired interactive point-based editing.

Such an operation is herein called latent optimization.



10

15

20

25

30

[0040]  Usually, the diffusion latent codes can accurately control the spatial layout of the
generated images, and rich semantic and geometric information are encoded in the diffusion
latent codes. Therefore, these feature information can be used to supervise the latent
optimization process. Moreover, considering the Markov chain structure of diffusion latent
codes, we focus on optimizing the latent of one single diffusion step, thereby attaining both

efficiency and efficacy during the editing.

[0041] The target image 104 is generated by the diffusion model 210 based on the
updated feature map. The diffusion model 210 may perform a denoising diffusion process

performed on the updated feature map, to generate the target image 104.

[0042] In some example embodiments, to achieve better generative performance, a low
rank adaptation (LoRA) fine-tuning stage 202 is performed before the image generation
stage 204. The LoRA fine-tuning stage 202 is to fine-tune a part of the diffusion model 210
for the purpose of better editing the source image 102. The LoRA fine-tuning stage 202
aims to ensure that the diffusion UNet encodes the features of input image more accurately
(than in the absence of this procedure), thus facilitating the preservation of the identity of

the image throughout the editing process.

[0043] The diffusion model 210 may be split as a base model (e.g., a Unet) and a LoRA
part 212 connected to the base model. A fine-tuning process is performed on a parameter
set of the LoRA part 212 of the diffusion model 210 based on the source image 102. Then
the parameter set of the LoRA part 212 is updated, with a parameter set of the base model
unchanged. In this way, an updated diffusion model 210 is obtained, with the updated LoRA
part 212 for image generation based on the user edit input 206. The extraction of the
feature map and the generation of the target image at the image generation stage are based

on the updated diffusion model 210.

[0044]  FIG. 3 illustrates a block diagram of an architecture 300 for LoRA fine-tuning of
the diffusion model 210 at the LoRA fine-tuning stage 202 in accordance with some
example embodiments of the present disclosure. At the LoRA fine-tuning stage 202, a noise
signal 310 is added on the source image 102 (which may be provided by the user for editing),
to generate a noised image. The fine-tuning process is performed based on a training
objective which is configured to cause the updated diffusion model 210 to reconstruct the

source image 102 from the noised image. Thus, the noised image is provided as input to the
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diffusion model 210 (with the LoRA part 212 to be updated), which attempts to reconstruct
the source image 102 through a denoising diffusion process by repeatedly removing
noise step by step. In this denoising diffusion process, the diffusion model 210 may need

to predict the noise added to the source image 102.

[0045] A reconstruction loss between a reconstructed image 320 and the source
image 102 is determined, which is used as an objective function of the LoRA fine-

tuning. The reconstruction loss may be determined as follows:
La(z, A8) = Ec; [|le — corno(anz + oee)||3], 2

where 1 and A# represent the parameter set of the base model and the parameter set
of'the LoRA part, respectively; z is the source image 102; € ~ N(0.1I) isthe randomly

sampled noise map that is added to the source image 102; €g+ag(-) is the noise map
predicted by the diffusion model 210 (with the LoRA part 212 integrated); and ¥; and
7 are parameters of the diffusion noise schedule at an interaction step f.The training
objective of the LoRA fine-tuning is to optimize the reconstruction loss via gradient
descent on the parameter set of the LoRA part (i.e., /Af)), to minimize the reconstruction
loss or cause the reconstruction loss to be reduced to a desired value. During the fine-

tuning process, the parameter set of the base model, !, will not be changed.

[0046] In some example embodiments, the diffusion model 210 may include a number
of attention modules among other modules. To enable efficient fine-tuning of the parameters,
the LoRA part 212 may comprise at least a part of one or more attention modules comprised
in the diffusion model 210. For example, the parameter set of the LoRA part 212 may
include the projection matrices of the query, key, and value of attention modules in the
diffusion model 210. Moreover, unlike tasks such as subject-driven image generation, which
normally fine-tunes the LoRA part for a great number of steps (e.g., around 1000 steps), a
small number of steps for fine-tuning the LoR A part (e.g., around 200 steps) is sufficient for
in the tasks of image editing in the example embodiments of the present disclosure. This

ensures that the LoRA fine-tuning process is extremely efficient.

[0047]  The updated diffusion model 210 is then utilized for image editing on the source
image 102, as shown in FIG. 2. As mentioned above, the image editing may include latent

optimization on the feature map that is extracted at the ¢-th iteration step of the inverse

10



10

15

20

25

30

denoising diffusion process. FIG. 4 illustrates a block diagram of an architecture 400 for

latent optimization in accordance with some example embodiments of the present disclosure.

[0048]  The latent optimization process is to update the feature map corresponding to an
intermediate image 410 extracted at the #-th step in an iteration process based on an
optimization objective, the optimization objective being configured to cause a difference
between a first feature segment of a first patch around the at least one handle point in the
feature map and a second feature segment of a second patch around the at least one target
point in the updated feature map to be minimized or to be reduced to a target error. The
latent optimization is guided with the user edit input 206, to generate an updated feature
map that is corresponding to an intermediate image 420. In some example embodiments
where the user edit input further indicates an editable region in the source image 102, the
optimization objective may be configured to cause a feature segment corresponding to an

region outside the editable region to be unchanged.

[0049] To commence, the denoising diffusion process may be applied on the given
source image 102 (represented as zo) to obtain an intermediate image 410 (represented as z:)
at a certain step ¢, which may be corresponding to a feature map. This feature map serves as
the initial value for the latent optimization process. The latent optimization process consists
of two steps to be implemented consecutively. These two steps are motion supervision and
point tracking and are executed repeatedly until either all handle points have moved to the
target points or the maximum number of iterations has been reached. Next, example

embodiments of these two steps are described in detail.

[0050]  As the user edit input 206 indicates at least one handle point 220 and at least one
target point 222 in the source image 102, the goal of the image editing is to move the object
in the source image such that the semantic positions (e.g., the nose of the racoon in the

example source image) of the handle points reach their corresponding target points.

[0051]  Given these user inputs, image editing is performed in an optimization manner.
As shown in FIG. 5, each optimization step consists of two sub-steps, including 1) motion
supervision and 2) point tracking. In motion supervision, a motion supervision loss that
enforces the handle points to move towards the target points is used to optimize the feature
map. After one optimization step, a new intermediate feature map is obtained and a new

intermediate image is also obtained.
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[0052] The update would cause a slight movement of the object in the image. Note that
the motion supervision step only moves each handle point towards its target by a small step
but the exact length of the step is unclear as it is subject to complex optimization dynamics
and therefore varies for different objects and parts. Thus, the positions of the handle points
are then updated to track the corresponding points on the object. This tracking process is
needed because if the handle points (e.g., the nose of the raccoon) are not accurately tracked,
then in the next motion supervision step, wrong points (e.g., face of the lion) will be
supervised, leading to undesired results. After tracking, we repeat the above optimization
step based on the new handle points and latent codes. This optimization process continues
until the handle points reach the position of the target points, which usually takes 30-200
iterations in our experiments. The user can also stop the optimization at any intermediate
step. After editing, the user can input new handle and target points and continue editing until

satisfied with the results.

[0053] Itis denoted the n handle points at the &-th iteration step of the motion supervision
as {h¥ = (¥, yF) : i = 1,...,n} and their corresponding target points as
{9; = (z;,15) : i = 1,...,n}. The input source image 102 is denoted as zo; the -
th step intermediate image 410 (i.e., result of #-th step of the denoising diffusion process)
is denoted as z.. The feature map(s) corresponding to the #-th step intermediate image 410 is

represented as F'(%;), which is then used for motion supervision. The feature vector at a

pixel location hi.‘ as F] h* (z¢). Also, a square patch centered around a handle point hi-“
as gl{hirlj — {{Ty] : |.I' - "E'I:r| E 1, |.i|;|'r - yf' E ?"1}-

[0054] As shown in FIG. 5, at a k-th step of the iteration process for the motion
optimization, its input is an intermediate feature map 510 which is the feature map F(z)

at an initial step or an intermediate feature map updated from a previous step. A first
intermediate feature segment [’ q( éf) is extracted from a first patch 515 of the

intermediate feature map 510 around the at least one handle point 514. The first patch 515
may be a circular region with the handle point 513 as the center and with a predetermined
radius 71, e.g., 9€Q2(h¥,r1). Then a second intermediate feature segment from a second
patch 516 of the intermediate feature map 510 around at least one moved handle point in

the intermediate feature map. The at least one moved handle point may be moved from the
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at least one handle point towards the at least one target point 514 by a predetermined
distance, di., d; = {r;; — hf]f”;;f;- — h¥||a which is the normalized vector pointing
from hi‘ to Hi. Then a motion supervision loss based on a difference between the first
intermediate feature segment and the second intermediate feature segment. The intermediate
feature map to generate an updated intermediate feature map 520 for a next step by

performing gradient backpropagation using the motion supervision loss, wherein a gradient

is not backpropagated through the first intermediate feature segment.

[0055] In some example embodiments, the motion supervision loss does not rely on any
additional neural networks. The idea is that the intermediate feature maps generated during
the image generation process are very discriminative such that a simple loss suffices to

supervise motion. Specifically, the motion supervision loss at the Fk-th iteration is defined

as:
sk - sk sk -k 20 o €
Las(3) =Y D NFara(35) —sa(FaGGE)|, + A By — se(3-1) @ (1-M)|,
i=1 geQ(h¥.rq)
h ale - . . . Ak .
where z;° is the ¢-th step intermediate image after the &-th update; F q ( 2y ) is the

intermediate feature map corresponding to the #-th step intermediate image (which may be
the feature map F h* (z¢) at an initial step or an intermediate feature map updated from a
previous step); sg(-) is the stop gradient operator (i.e., the gradient will not be back-
propagated for the term sg{:Fq_{:Ej‘ ), di = (g; — h?]f”;;r!- — h¥|la s the
normalized vector pointing from hi‘ to i, M is the binary mask specified by the user

as the editable region; [ 4, (7?} is obtained via bilinear interpolation as the elements of

q + d; may not be integers.

[0056] In each iteration step, ;Ef is updated by taking one gradient descent step to

minimize the motion supervision loss Lo -

k1 _ sk OLms(E) “)

z =z — 7T
t t ? a?:;'\; Pl
where 7] is the learning rate for latent optimization.
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[0057]  Note that the second term A || (28 —sg(2) ) o (1-M) ||1 in Eqn. (3)

is defined to encourage the unmasked region to remain unchanged. In this way, the

optimization is working with the diffusion latent code instead of other feature information.

k

i » one step of DDIM denoising is first applied to obtain Ef_l, and

Specifically, given z

then the unmasked region of 2{_; is regularized to be the same as 20 | (i.e.. z_1).

[0058]  Since the motion supervision updates ;Ei‘", the positions of the handle points may

also change. Therefore, point tracking is performed to update the handle points after each
motion supervision step. As shown in FIG. 5, at the k-th iteration step, the at least one handle
point for the updated intermediate feature map 520 may be updated to be at least one point
524 that is selected a patch 530 among the at least one handle point in the feature map
through a nearest neighbor search. The patch 530 may be a square patch with a

predetermined side length 7.

[0059]  To achieve this goal, the feature maps F'(z i"""l} and F'(z;) are used to track

the new handle points. Specifically, each of the handle points h-':-"' is updated with a nearest
neighbor search within the square patch
ﬂ(h.?rg} = {(z,y) : |z — .r':f| < 1o, |y — yfl < T2} as follows:

(5)

PEFH = argmin || Fy(30) — P ()|
qeQ(hf,ra) !

[0060] The new hand points hl.‘: 1 are used for the update of the F'(z i"""l ) atanext
’L .

iteration step. It is noted that the target point(s) {g; — (7, 9;) : i = 1....,n}

remain unchanged during the latent optimization.

[0061]  After the optimization of the feature map is completed, the optimized feature map
may be used to obtain the final editing results, e.g., the target image 104. In some cases, it
is found that directly applying DDIM denoising on the optimized feature map still
occasionally leads to undesired identity shift and degradation in quality compared to the
original image. The reasons raising this issue may be due to the absence of adequate

guidance from the original image during the denoising process.

[0062] To mitigate this problem, in some example embodiments, controlled processing

14
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on one or more self-attention modules contained in the diffusion model 210 is applied. A
self-attention module (e.g., based on t) may include a key, a value, and a query as inputs,
represented as K, V, Q, respectively. Example processing of the self-attention module may

be represented as follows:
Attention(Q. K, V) = .soffnm.r[%}.l' . (6)

[0063] The controlled processing of the self-attention module is illustrated in FIG. 6. In
FIG. 6, a self-attention module 610 is illustrated as being comprised in the diffusion model

210. The

[0064] A denoising diffusion process is performed on the feature map corresponding to
the intermediate image 410 by the diffusion model 210, to obtain a first key, a first value,
and a first query (K, V, Q, respectively) for the self-attention module 610. The denoising
diffusion process on the feature map corresponding to the intermediate image 410 may result

in generating the source image 102.

[0065]  Further, the denoising diffusion process of the diffusion model 210 is also
performed on the updated feature map corresponding to an intermediate image 420, to
obtain a second key, a second value, and a second query (K, V, Q, respectively) for the
self-attention module 610. Then the first key and first value (K, V) for the feature map are
copied and used to replace the second key and second value (K, V). As a result, the first
key, the first value, and the second query (K, V, Q) are provided as inputs to the self-
attention module 610. Then the target image 104 is generated based on an output of the self-

attention module.

[0066] In particular, as illustrated in FIG. 6, given the denoising process of both the
original latent Z¢ and the optimized latent z;, the process of Z; is used to guide the
process of Z;. More specifically, during the forward propagation of the self-attention
modules of the diffusion model 210 in the denoising process, we replace the key and value
vectors generated from Z; with the ones generated from Zt. With this simple replacement
technique, the query vectors generated from Z; will be directed to query the correlated
contents and texture of Z¢. This result in the denoising results of Z; (i.€.. Zp) being more
coherent with the denoising results of z; (i.e., zg). In this way, the controlled processing

of the self-attention substantially improves the consistency between the original image and
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our editing results.

It would be appreciated that although one self-attention module 610 is shown in the
diffusion model 210, there may be a number of self-attention module layers in the diffusion
model 210 and the processing of all or some of the self-attention modules may be controlled
in a similar way. In some example embodiments, the diffusion model 210 may include
down-sampling blocks and upsampling blocks, each block including one or more self-
attention modules. The controlled processing as discussed above may be applied to the self-
attention modules in the upsampling blocks of the diffusion model 210. In some example
embodiments, the controlled processing of the self-attention modules may be applied at all

denoising steps when generating the editing results.

[0067] In some example embodiments, the inverse denoising diffusion process
comprises a total number of iteration steps, and the feature map is extracted at the 7-th
iteration step that is within a range of 60% to 80% of the total number of iteration steps. For
example, if the total number of iteration steps of the inverse denoising diffusion process is
50, experiments show that a critical range of ¢ values for effective editing is t € [30,40].
When ¢ is too small, the diffusion latent lacks the necessary flexibility for substantial
changes, posing challenges in performing reasonable edits. Conversely, overly large ¢ values
result in a diffusion latent that is unstable for editing, leading to difficulties in preserving

the original image’s identity.

[0068] FIG. 7A illustrate example results on the impact of the inversion step of the
feature map to be updated in accordance with some example embodiments of the present
disclosure. In FIG. 7A, Image Fidelity (IF) and Mean Distance (MD) for each value of the
inversion step ¢. The curve 710 shows the IF results, and the curve 712 shows the MD results.

It can be seen that both the IF and MD can reach desired levels within the range of [30, 40].

[0069]  Further, considering the number of LoRA fine-tuning steps, experiments are
performed to examine the influence of varying LoRA fine-tuning steps on the performance
of the diffusion model when editing real images. FIG. 7B illustrate example results on the
impact of the number of LoRA fine-tuning steps in accordance with some example

embodiments of the present disclosure.

Specifically, six different checkpoints of LoRA finetuning are acquired, each trained for a

different number of steps, namely, 0, 100, 200, 300, 400, and 500 steps, respectively (0
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being no LoRA finetuning). Subsequently, utilizing each of these LoRA checkpoints, the
image editing according to some example embodiments of the present discussion is applied
using the diffusion model. The outcomes are assessed using IF and MD, and the results are
presented in the curves 720 and 722 of FIG. 7B, respectively. As can be seen, as the number
of LoRA fine- tuning steps increases, IF exhibits an increasing trend. This behavior is
attributed to the enhanced ability of the LoRA to reconstruct the original image with

prolonged fine-tuning, resulting in increased consistency with the original image.

[0070] FIG. 8 illustrates a flowchart of a process 800 for image editing in accordance
with some example embodiments of the present disclosure. The process 800 may be

implemented at the image editing system 110 as illustrated in FIG. 1.

[0071]  Atblock 810, the image editing system 110 obtains a user edit input for a source
image, the user edit input at least indicating at least one handle point and at least one target

point in the source image.

[0072]  Atblock 820, the image editing system 110 extracts a feature map from the source
image using a diffusion model, the feature map being extracted by the diffusion model at a

iteration step of an inverse denoising diffusion process performed on the source image.

[0073] At block 830, the image editing system 110 updates the feature map based on the

user edit input, to obtain an updated feature map.

[0074]  Atblock 840, the image editing system 110 generates a target image based on the
updated feature map using the diffusion model, the target image being generated by the
diffusion model through a denoising diffusion process performed on the updated feature

map.

[0075] In some example embodiments, the diffusion model comprises a base model and
a low rank adaptation (LoRA) part connected to the base model. The process 800 further
comprises: performing, based on the source image, a fine-tuning process on a parameter set
of the LoRA part of the diffusion model, with a parameter set of the base model unchanged,
to obtain an updated diffusion model, and wherein the extraction of the feature map and the

generation of the target image are based on the updated diffusion model.

[0076] In some example embodiments, performing the fine-tuning process comprises:

performing the fine-tuning process based on a training objective, the training objective
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being configured to cause the updated diffusion model to reconstruct the source image from
a noised image, the noised image being generated by adding a noise signal on the source

image.

[0077]  In some example embodiments, the LORA part comprises at least a part of one or

more attention modules comprised in the diffusion model.

[0078] In some example embodiments, updating the feature map based on the user edit
input comprises: updating the feature map in an iteration process based on an optimization
objective, the optimization objective being configured to cause a difference between a first
feature segment of a first patch around the at least one handle point in the feature map and
a second feature segment of a second patch around the at least one target point in the updated

feature map to be minimized or to be reduced to a target error.

[0079] In some example embodiments, the user edit input further indicates an editable
region in the source image, and wherein the optimization objective is configured to cause a

feature segment corresponding to an region outside the editable region to be unchanged.

[0080] In some example embodiments, updating the feature map in an iteration process
comprises: at each iteration step of the iteration process, determining a motion supervision
loss by: obtaining an intermediate feature map that is the feature map at an initial iteration
step or an intermediate feature map updated from a previous iteration step, extracting a first
intermediate feature segment from a first patch of the intermediate feature map around the
at least one handle point in the intermediate feature map; extracting a second intermediate
feature segment from a second patch of the intermediate feature map around at least one
moved handle point in the intermediate feature map, the at least one moved handle point
being moved from the at least one handle point towards the at least one target point by a
predetermined distance; determining a motion supervision loss based on a difference
between the first intermediate feature segment and the second intermediate feature segment;
updating the intermediate feature map to generate an updated intermediate feature map for
a next iteration step by performing gradient backpropagation using the motion supervision

loss, wherein a gradient is not backpropagated through the first intermediate feature segment.

[0081] In some example embodiments, updating the feature map in an iteration process
comprises: updating the at least one handle point for the updated intermediate feature map

to be at least one point that is selected a patch among the at least one handle point in the
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feature map through a nearest neighbor search.

[0082] In some example embodiments, the diffusion model comprises a self-attention
module with a key, a value, and a query as inputs. In some example embodiments,
generating a target image based on the updated feature map using the diffusion model
comprises: performing the denoising diffusion process on the feature map by the diffusion
model, to obtain a first key, a first value, and a first query for the self-attention module;
performing the denoising diffusion process on the updated feature map by the diffusion
model, to obtain a second key, a second value, and a second query for the self-attention
module; providing the first key, the first value, and the second query as inputs to the self-
attention module; and generating a target image based on an output of the self-attention

module.

[0083] In some example embodiments, the inverse denoising diffusion process
comprises a total number of iteration steps, and the feature map is extracted at an iteration
step that is within a range of sixty percentage or eighty percentage of the total number of

iteration steps.

[0084] FIG. 9 illustrates a schematic block diagram of a computing system/device 900
in which various embodiments of the present disclosure can be implemented. It would be
appreciated that the computing system/device 900 as shown in FIG. 9 is merely provided as
an example, without suggesting any limitation to the functionalities and scope of

embodiments of the present disclosure.

[0085]  As shown in FIG. 9, the computing system/device 900 is in form of a general-
purpose computing device. Components of the computing system/device 900 may include,
but are not limited to, one or more processors or processing devices 910, a memory 920, a
storage device 930, one or more communication units 940, one or more input devices 950,

and one or more output devices 960.

[0086] In some example embodiments, the computing system/device 900 may be
implemented as a device with computing capability, such as a computing device, a

computing system, a server, a mainframe and the like.

[0087]  The processing device 910 can be a physical or virtual processor and can execute

various processing based on the programs stored in the memory 920. In a multi-processor
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system, a plurality of processing units execute computer-executable instructions in parallel
so as to enhance parallel processing capability of the computing system/device 900. The
processing device 910 may include a central processing unit (CPU), a graphics processing

unit (GPU), a microprocessor, a controller, and/or a microcontroller.

[0088] The computing system/device 900 usually includes various computer storage
media. Such media may be any available media accessible by the computing system/device
900, including but not limited to, volatile and non-volatile media, or detachable and non-
detachable media. The memory 920 may be a volatile memory (for example, a register,
cache, Random Access Memory (RAM)), non-volatile memory (for example, a Read-Only
Memory (ROM), Electrically Erasable Programmable Read-Only Memory (EEPROM), a
flash memory), or any combination thereof. The storage device 930 may be any detachable
or non-detachable medium and may include computer-readable medium such as a memory,
a flash memory drive, a magnetic disk or any other media that can be used for storing

information and/or data and are accessible by the computing system/device 900.

[0089] The computing system/device 900 may further include additional
detachable/non-detachable, volatile/non-volatile memory media. Although not shown in
FIG. 9, there may be provided a disk drive for reading from or writing into a detachable and
non-volatile disk, and an optical disk drive for reading from and writing into a detachable
non-volatile optical disc. In such cases, each drive may be connected to a bus (not shown)

via one or more data medium interfaces.

[0090] The communication unit 940 implements communication with another
computing device via the communication medium. In addition, the functionalities of
components in the computing system/device 900 may be implemented by a single
computing cluster or a plurality of computing machines that can communicate with each
other via communication connections. Thus, the computing system/device 900 may operate
in a networked environment using a logic connection with one or more other servers,

network personal computers (PCs), or further general network nodes.

[0091] The input device 950 may include one or more of a variety of input devices, such
as a mouse, keyboard, data import device and the like. The output device 960 may be one
or more output devices, such as a display, data export device and the like. By means of the

communication unit 940, the computing system/device 900 may further communicate with
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one or more external devices (not shown) such as storage devices and display devices, one
or more devices that enable the user to interact with the computing system/device 900, or
any devices (such as a network card, a modem and the like) that enable the computing
system/device 900 to communicate with one or more other computing devices, if required.

Such communication may be performed via input/output (I/O) interfaces (not shown).

[0092] In some example embodiments, as an alternative of being integrated on a single
device, some or all components of the computing system/device 900 may also be arranged
in the form of cloud computing architecture. In the cloud computing architecture, the
components may be provided remotely and work together to implement the functionalities
described in the present disclosure. In some example embodiments, cloud computing
provides computing, software, data access and storage service, which will not require end
users to be aware of the physical locations or configurations of the systems or hardware
provisioning these services. In various embodiments, the cloud computing provides the
services via a wide area network (such as Internet) using proper protocols. For example, a
cloud computing provider provides applications over the wide area network, which may be
accessed through a web browser or any other computing components. The software or
components of the cloud computing architecture and corresponding data may be stored in a
server at a remote position. The computing resources in the cloud computing environment
may be aggregated or distributed at locations of remote data centers. Cloud computing
infrastructure may provide the services through a shared data center, though they behave as
a single access point for the users. Therefore, the cloud computing infrastructure may be
utilized to provide the components and functionalities described herein from a service
provider at remote locations. Alternatively, they may be provided from a conventional

server or may be installed directly or otherwise on a client device.

[0093] The computing system/device 900 may be used to implement resource
management in accordance with various embodiments of the present disclosure. The
memory 920 may include one or more modules having one or more program instructions.
These modules may be accessed and run by the processing unit 910 to perform functions of
various embodiments described herein. For example, the memory 920 may include an image
editing module 922 for performing image editing in accordance with the example
embodiments of the present disclosure. As shown in FIG. 9, the computing system/device

900 may obtain an input required for image editing through the input device 950 and provide
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the corresponding output through the output device 960. In some example embodiments,
the computing system/device 900 may further receive an input from other devices (not

shown) via the communication unit 940.

[0094] In some example embodiments of the present disclosure, there is provided a
computer program product comprising instructions which, when executed by a processor of
an apparatus, cause the apparatus to perform steps of any one of the methods described

above.

[0095] In some example embodiments of the present disclosure, there is provided a non-
transitory computer readable medium comprising program instructions for causing an
apparatus to perform at least steps of any one of the methods described above. The computer
readable medium may be a non-transitory computer readable medium in accordance with

some embodiments.

[0096] Generally, various example embodiments of the present disclosure may be
implemented in hardware or special purpose circuits, software, logic or any combination
thereof. Some aspects may be implemented in hardware, while other aspects may be
implemented in firmware or software which may be executed by a controller,
microprocessor or other computing device. While various aspects of the example
embodiments of the present disclosure are illustrated and described as block diagrams,
flowcharts, or using some other pictorial representations, it will be appreciated that the
blocks, apparatuses, systems, techniques, or methods described herein may be implemented
in, as non-limiting examples, hardware, software, firmware, special purpose circuits or logic,
general purpose hardware or controller or other computing devices, or some combination

thereof.

[0097] The present disclosure also provides at least one computer program product
tangibly stored on a non-transitory computer readable storage medium. The computer
program product includes computer-executable instructions, such as those included in
program modules, being executed in a device on a target real or virtual processor, to carry
out the methods/processes as described above. Generally, program modules include routines,
programs, libraries, objects, classes, components, data structures, or the like that perform
particular tasks or implement particular abstract types. The functionality of the program

modules may be combined or split between program modules as desired in various
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embodiments. Computer-executable instructions for program modules may be executed
within a local or distributed device. In a distributed device, program modules may be located

in both local and remote storage media.

[0098] The computer readable medium may be a computer readable signal medium or a
computer readable storage medium. A computer readable medium may include but is not
limited to an electronic, magnetic, optical, electromagnetic, infrared, or semiconductor
system, apparatus, or device, or any suitable combination of the foregoing. More specific
examples of the computer readable storage medium would include an electrical connection
having one or more wires, a portable computer diskette, a hard disk, a random access
memory (RAM), a read-only memory (ROM), an erasable programmable read-only
memory (EPROM or Flash memory), an optical fiber, a portable compact disc read-only
memory (CD-ROM), an optical storage device, a magnetic storage device, or any suitable

combination of the foregoing.

[0099] Computer program code for carrying out methods disclosed herein may be written
in any combination of one or more programming languages. The program code may be
provided to a processor or controller of a general purpose computer, special purpose
computer, or other programmable data processing apparatus, such that the program codes,
when executed by the processor or controller, cause the functions/operations specified in
the flowcharts and/or block diagrams to be implemented. The program code may execute
entirely on a computer, partly on the computer, as a stand-alone software package, partly on
the computer and partly on a remote computer or entirely on the remote computer or server.
The program code may be distributed on specially-programmed devices which may be
generally referred to herein as “modules”. Software component portions of the modules may
be written in any computer language and may be a portion of a monolithic code base, or
may be developed in more discrete code portions, such as is typical in object-oriented
computer languages. In addition, the modules may be distributed across a plurality of
computer platforms, servers, terminals, mobile devices and the like. A given module may
even be implemented such that the described functions are performed by separate processors

and/or computing hardware platforms.

[00100] While operations are depicted in a particular order, this should not be understood
as requiring that such operations be performed in the particular order shown or in sequential

order, or that all illustrated operations be performed, to achieve desirable results. In certain
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circumstances, multitasking and parallel processing may be advantageous. Likewise, while
several specific implementation details are contained in the above discussions, these should
not be construed as limitations on the scope of the present disclosure, but rather as
descriptions of features that may be specific to particular embodiments. Certain features that
are described in the context of separate embodiments may also be implemented in
combination in a single embodiment. Conversely, various features that are described in the
context of a single embodiment may also be implemented in multiple embodiments

separately or in any suitable sub-combination.

[00101] Although the present disclosure has been described in languages specific to
structural features and/or methodological acts, it is to be understood that the present
disclosure defined in the appended claims is not necessarily limited to the specific features
or acts described above. Rather, the specific features and acts described above are disclosed

as example forms of implementing the claims.
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WHAT IS CLAIMED IS:

1. A method comprising:

obtaining a user edit input for a source image, the user edit input at least indicating
at least one handle point and at least one target point in the source image;

extracting a feature map from the source image using a diffusion model, the feature
map being extracted by the diffusion model at a iteration step of an inverse denoising
diffusion process performed on the source image;

updating the feature map based on the user edit input, to obtain an updated feature
map; and

generating a target image based on the updated feature map using the diffusion
model, the target image being generated by the diffusion model through a denoising

diffusion process performed on the updated feature map.

2. The method of claim 1, wherein the diffusion model comprises a base model and
a low rank adaptation (LoRA) part connected to the base model, the method further
comprising:

performing, based on the source image, a fine-tuning process on a parameter set of
the LoRA part of the diffusion model, with a parameter set of the base model unchanged, to
obtain an updated diffusion model, and

wherein the extraction of the feature map and the generation of the target image are

based on the updated diffusion model.

3. The method of claim 2, wherein performing the fine-tuning process comprises:

performing the fine-tuning process based on a training objective, the training
objective being configured to cause the updated diffusion model to reconstruct the source
image from a noised image, the noised image being generated by adding a noise signal on

the source image.

4. The method of claim 2, wherein the LoRA part comprises at least a part of one or

more attention modules comprised in the diffusion model.
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5. The method of claim 1, wherein updating the feature map based on the user edit
input comprises:

updating the feature map in an iteration process based on an optimization objective,
the optimization objective being configured to cause a difference between a first feature
segment of a first patch around the at least one handle point in the feature map and a second
feature segment of a second patch around the at least one target point in the updated feature

map to be minimized or to be reduced to a target error.

6. The method of claim 5, wherein the user edit input further indicates an editable
region in the source image, and wherein the optimization objective is configured to cause a

feature segment corresponding to an region outside the editable region to be unchanged.

7. The method of claim 5, wherein updating the feature map in an iteration process
comprises:
at each iteration step of the iteration process, determining a motion supervision loss
by:
obtaining an intermediate feature map that is the feature map at an initial
iteration step or an intermediate feature map updated from a previous iteration step,
extracting a first intermediate feature segment from a first patch of the
intermediate feature map around the at least one handle point in the intermediate
feature map;
extracting a second intermediate feature segment from a second patch of the
intermediate feature map around at least one moved handle point in the intermediate
feature map, the at least one moved handle point being moved from the at least one
handle point towards the at least one target point by a predetermined distance;
determining a motion supervision loss based on a difference between the first
intermediate feature segment and the second intermediate feature segment;
updating the intermediate feature map to generate an updated intermediate
feature map for a next iteration step by performing gradient backpropagation using
the motion supervision loss, wherein a gradient is not backpropagated through the

first intermediate feature segment.

26



10

15

20

25

30

8. The method of claim 7, wherein updating the feature map in an iteration process
comprises:

updating the at least one handle point for the updated intermediate feature map to be
at least one point that is selected a patch among the at least one handle point in the feature

map through a nearest neighbor search.

9. The method of claim 1, wherein the diffusion model comprises a self-attention
module with a key, a value, and a query as inputs, and wherein generating a target image
based on the updated feature map using the diffusion model comprises:

performing the denoising diffusion process on the feature map by the diffusion
model, to obtain a first key, a first value, and a first query for the self-attention module;

performing the denoising diffusion process on the updated feature map by the
diffusion model, to obtain a second key, a second value, and a second query for the self-
attention module;

providing the first key, the first value, and the second query as inputs to the self-
attention module;

generating a target image based on an output of the self-attention module.

10. The method of claim 1, wherein the inverse denoising diffusion process
comprises a total number of iteration steps, and the feature map is extracted at an iteration
step that is within a range of sixty percentage or eighty percentage of the total number of

iteration steps.

11. An electronic device, comprising:

at least one processor; and

at least one memory communicatively coupled to the at least one processor and
comprising computer-readable instructions that upon execution by the at least one processor
cause the at least one processor to perform acts comprising:

obtaining a user edit input for a source image, the user edit input at least indicating
at least one handle point and at least one target point in the source image;

extracting a feature map from the source image using a diffusion model, the feature
map being extracted by the diffusion model at a iteration step of an inverse denoising

diffusion process performed on the source image;
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updating the feature map based on the user edit input, to obtain an updated feature
map; and

generating a target image based on the updated feature map using the diffusion
model, the target image being generated by the diffusion model through a denoising

diffusion process performed on the updated feature map.

12. The device of claim 11, wherein the diffusion model comprises a base model and
a low rank adaptation (LoRA) part connected to the base model, the device further
comprising:

performing, based on the source image, a fine-tuning process on a parameter set of
the LoRA part of the diffusion model, with a parameter set of the base model unchanged, to
obtain an updated diffusion model, and

wherein the extraction of the feature map and the generation of the target image are

based on the updated diffusion model.

13. The device of claim 12, wherein performing the fine-tuning process comprises:
performing the fine-tuning process based on a training objective, the training
objective being configured to cause the updated diffusion model to reconstruct the source
image from a noised image, the noised image being generated by adding a noise signal on

the source image.

14. The device of claim 12, wherein the LoRA part comprises at least a part of one

or more attention modules comprised in the diffusion model.

15. The device of claim 11, wherein updating the feature map based on the user edit
input comprises:

updating the feature map in an iteration process based on an optimization objective,
the optimization objective being configured to cause a difference between a first feature
segment of a first patch around the at least one handle point in the feature map and a second
feature segment of a second patch around the at least one target point in the updated feature

map to be minimized or to be reduced to a target error.
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16. The device of claim 15, wherein the user edit input further indicates an editable
region in the source image, and wherein the optimization objective is configured to cause a

feature segment corresponding to an region outside the editable region to be unchanged.

17. The device of claim 15, wherein updating the feature map in an iteration process
comprises:
at each iteration step of the iteration process, determining a motion supervision loss
by:
obtaining an intermediate feature map that is the feature map at an initial
iteration step or an intermediate feature map updated from a previous iteration step,
extracting a first intermediate feature segment from a first patch of the
intermediate feature map around the at least one handle point in the intermediate
feature map;
extracting a second intermediate feature segment from a second patch of the
intermediate feature map around at least one moved handle point in the intermediate
feature map, the at least one moved handle point being moved from the at least one
handle point towards the at least one target point by a predetermined distance;
determining a motion supervision loss based on a difference between the first
intermediate feature segment and the second intermediate feature segment;
updating the intermediate feature map to generate an updated intermediate
feature map for a next iteration step by performing gradient backpropagation using
the motion supervision loss, wherein a gradient is not backpropagated through the

first intermediate feature segment.

18. The device of claim 17, wherein updating the feature map in an iteration process
comprises:

updating the at least one handle point for the updated intermediate feature map to be
at least one point that is selected a patch among the at least one handle point in the feature

map through a nearest neighbor search.

19. The device of claim 11, wherein the diffusion model comprises a self-attention
module with a key, a value, and a query as inputs, and wherein generating a target image

based on the updated feature map using the diffusion model comprises:
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performing the denoising diffusion process on the feature map by the diffusion
model, to obtain a first key, a first value, and a first query for the self-attention module;

performing the denoising diffusion process on the updated feature map by the
diffusion model, to obtain a second key, a second value, and a second query for the self-
attention module;

providing the first key, the first value, and the second query as inputs to the self-
attention module;

generating a target image based on an output of the self-attention module.

20. A non-transitory computer-readable storage medium, storing computer-
readable instructions that upon execution by a device cause the device to perform acts
comprising:

obtaining a user edit input for a source image, the user edit input at least indicating
at least one handle point and at least one target point in the source image;

extracting a feature map from the source image using a diffusion model, the feature
map being extracted by the diffusion model at a iteration step of an inverse denoising
diffusion process performed on the source image;

updating the feature map based on the user edit input, to obtain an updated feature
map; and

generating a target image based on the updated feature map using the diffusion
model, the target image being generated by the diffusion model through a denoising

diffusion process performed on the updated feature map.

30



