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Figure 1. We present DragNoise, a point-based interactive editing framework that avoids the global adjustments of the latent code/map, a
common issue in frameworks like DragGAN [23] and DragDiffusion [29], facilitating stable and semantically accurate point-based editing.

Abstract
Point-based interactive editing serves as an essential tool

to complement the controllability of existing generative mod-
els. A concurrent work, DragDiffusion, updates the diffusion
latent map in response to user inputs, causing global latent
map alterations. This results in imprecise preservation of
the original content and unsuccessful editing due to gradient
vanishing. In contrast, we present DragNoise, offering ro-
bust and accelerated editing without retracing the latent map.
The core rationale of DragNoise lies in utilizing the predicted
noise output of each U-Net as a semantic editor. This ap-
proach is grounded in two critical observations: �rstly, the
bottleneck features of U-Net inherently possess semantically
rich features ideal for interactive editing; secondly, high-
level semantics, established early in the denoising process,
show minimal variation in subsequent stages. Leveraging
these insights, DragNoise edits diffusion semantics in a sin-
gle denoising step and ef�ciently propagates these changes,
ensuring stability and ef�ciency in diffusion editing. Compar-
ative experiments reveal that DragNoise achieves superior
control and semantic retention, reducing the optimization
time by over 50% compared to DragDiffusion. Our codes
are available athttps://github.com/haofengl/DragNoise.

1. Introduction
The limited controllability inherent in diffusion models [7,
11] highlights the need for interactive editing in image ma-
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nipulation. Consequently, recent advancements have led
to a variety of interactive approaches. These include text-
guided editing [3, 5, 10, 16, 17], stroke-based editing [20],
and exemplar-based methods [9, 13, 39, 42]. As the demand
for more user-friendly and precise editing methods grows,
the implementation of drag-and-drop manipulation of con-
trol points has emerged as a straightforward and ef�cient
approach in real-world applications.

In the �eld of point-based image editing, DragGAN [23]
represents a signi�cant milestone by leveraging generative
adversarial networks (GANs) [8, 15]. Despite its innovation,
the inherent constraints of GANs often limit achieving high-
quality edited outcomes. Additionally, GAN-based editing
methods [1, 36, 38, 44, 45], which involve optimizing a new
latent code corresponding to the edited result, struggle with
preserving global content, as illustrated in Figs.1dand1h.
Different from traditional �outer-inversion� that converts a
real image into a latent code, we term this internal optimiza-
tion process of inverting user editing into the latent code as
�inner-inversion� (see Fig.4a). A concurrent work, DragDif-
fusion [29] progresses this �eld by applying diffusion mod-
els, capitalizing on the strengths of large-scale pre-trained
models. Although DragDiffusion applies diffusion models,
it adheres to the concept of �inner-inversion�. This method
guides the optimization of intermediate noisy latent maps to
generate outputs that re�ect the intended editing (Fig.4b).

However, two main issues emerge with DragDiffusion:
gradient vanishingandinversion �delity. Gradient vanish-
ing during optimization occurs due to the reliance on motion
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to all subsequent timesteps by substituting the corresponding
bottleneck features, avoiding redundant feature optimization.
This substitution signi�cantly augments the manipulation ef-
fect in a stable and ef�cient manner. We conducted extensive
quantitative and qualitative experiments on the drag-based
editing benchmark DragBench [29] and diverse example
images to evaluate the ef�cacy of our DragNoise. Notably,
DragNoise signi�cantly cuts down the optimization time by
over 50% compared to DragDiffusion. Additionally, we ex-
plore the impacts of various initial timesteps on the editing
process, the optimization of different layers, and the extent
of optimization propagation, which underscore DragNoise’s
ef�ciency and �exibility in interactive editing.

2. Related Work
Image Editing. The �eld of image editing has advanced
remarkably, paralleling improvements in image synthesis
quality [7, 14, 15, 26]. Building on StyleGAN [14, 15], nu-
merous studies leverage the latent space of pre-trained GANs
for diverse image manipulations, including recoloring [2],
semantic or attribute adjustments [24, 25, 28, 31, 37, 40],
and style transfer [18,35,41].

With the advancement of diffusion models, many re-
searchers have applied diffusion models to similar editing
tasks. SDEdit [20] represents an early exploration of seman-
tics in the denoising process, editing images via pixel-level
guidance through noise addition and denoising. However,
it is primarily limited to global editing. As large-scale pre-
trained latent diffusion models (LDMs) [26] emerge as fron-
trunners in generative modeling, their principles are increas-
ingly utilized in various editing tasks. For localized editing,
some studies [9, 10] utilize cross-attention mechanisms. Ad-
ditionally, given that latent maps are intermediate image rep-
resentations, they are apt for image editing [6]. However, un-
like the latent space in StyleGANs, directly editing the latent
maps in diffusion models performs poorly in the presence of
signi�cant content or color changes. While most diffusion
model editing tasks rely on text prompts [3, 5, 16, 17, 21],
there is a growing need for more convenient, precise, and
user-friendly interactive control methods for users.
Point-based Interactive Editing. Point-based image edit-
ing, known for its user-friendliness, enables a wide range
of effects from �ne-grained adjustments to more extensive
transformations. In prior works, this typically involves a two-
step optimization in the latent space: motion supervision and
point tracking. A notable example utilizing this principle
is DragGAN [23]. However, the generative limitations of
GANs restrict more complex edits, particularly with real im-
ages. FreeDrag [19], another GAN-based approach, adopts
a feature-oriented strategy to diminish dependence on point
tracking. Yet, it still faces constraints due to GANs’ limi-
tations in generative capabilities, inversion ef�ciency, and
the semantic versatility of latent codes. Recently, DragDif-

fusion [29] has adapted DragGAN’s principles to diffusion
models, resulting in improved spatial control and greater
�exibility. In a similar vein, DragonDiffusion [22] employs
classi�er guidance and translates editing signals into gradi-
ents through feature correspondence loss. Diverging from
these methods, our approach exploits diffusion semantics
within diffusion models for point-based editing, offering a
novel perspective in interactive image manipulation.

3. Drag Your Noise
In this section, we present our method, DragNoise, designed
for interactive point-based editing. To foster a comprehen-
sive understanding, we begin by revisiting the fundamentals
of diffusion models and LDMs. Additionally, we conduct
a concise comparative analysis with previous methodolo-
gies. Distinguishing DragNoise from earlier approaches,
our method focuses on manipulating the predicted noise,
encompassing diffusion semantic optimization and diffusion
semantic propagation.

3.1. Preliminaries

Diffusion models [11, 30] are probabilistic models that learn
a data distribution by iteratively denoising noisy images. The
forward process refers to a Markov process where the data is
corrupted by Gaussian noise. Diffusion models are trained
to approximate the reverse process. Practically, a network,
typically implemented with U-Net [27], is used to predict the
noise�̂ t at timestept , denoted as� � (x t ; t); t = 1; 2; :::; T. In
each timestep, the U-Net receives a noisy image as its input
and generates predictions for the noise component at this
timestep. Recently, there has been a notable emergence of
large-scale diffusion models showing impressive generative
capability, especially those based on LDMs, upon which
our method is implemented. LDMs compress the denoising
process onto the latent space. Given an input noisy latent
mapzt , the denoising U-Net in LDMs is denoted as� � (zt ; t) .

To enable point-based editing, DragDiffusion extends
the inner-inversion method of DragGAN with LDMs (see
Figs.4aand4b). DragGAN employs feature maps after the
6th block of the StyleGAN2 [15] generator for motion su-
pervision, inverting the editing to the dragged latent codew0,
which produces the corresponding dragged image. Similarly,
DragDiffusion utilizes a U-Net feature map to supervise the
optimization of the noisy latent map, yielding a dragged
latent mapz0

t that governs the subsequent denoising process.
Different from their approaches, we manipulate predicted
noise and propagate the optimization to edit the image.

3.2. Methodology

3.2.1 Diffusion Semantic Optimization

We present an overview of our methodology in Fig.4c.
Based on the analysis in Sec.1, the bottleneck feature of U-
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Figure 5. Comparison of point-based editing methods with various drags. Our DragNoise exhibits superior semantic control ability.

3.2.2 Diffusion Semantic Propagation

The manipulation noise��� modi�es the denoise direction
for the image generation. However, we observe a forget-
ting issue where subsequent denoising processes tend to
overlook the manipulation effect by simply performing dif-
fusion semantic optimization on one timestep (see Sec.4.3).
As we have analyzed in Fig.2 that propagating the bottle-
neck feature to later timesteps does not have a signi�cant
in�uence on the overall semantics, we copy this optimized
bottleneck feature��� and substitute them in the subsequent
timesteps. This is considered as the editing stage that keeps
emphasizing the manipulation for the noise prediction. In
the �nal few denoising timesteps, the structure of the image
has essentially taken shape. Therefore, we stop replacing the
bottleneck feature after timestep��, where we treat it as the
re�nement stage. After the diffusion semantic propagation in
the denoising process, we obtain the generated output latent
map��

� to produce the �nal image��
�.

3.3. Implementation Details

We implement our method based on Stable Diffusion 1.5.
Given an input image, to improve the image reconstruction,
similar to [29], we train a LoRA [12] with the user-supplied
image before diffusion semantic optimization. The �ne-
tuning process consists of 200 steps to update the LoRA’s
parameters. Given the need for users to edit anchor points

on �nal generated images and for ef�cient editing, we treat
all images, including diffusion-generated images, as �real
images� with classi�er-free guidance disabled. We apply
DDIM inversion to the given input image to attain the noisy
latent map�� with � � ��. With the scheduled total timesteps
of 50, during the diffusion semantic optimization stage, the
beginning of the editing stage is therefore at� � �� and the
re�nement stage starts at�� � ��. We employ the Adam
optimizer with a learning rate of 0.01 for the semantic op-
timization. The default maximum number of optimization
steps is 80. However, it is optional to increase the optimiza-
tion steps in cases where the user encounters an exceptionally
long dragging distance. In Eq. (1) and Eq. (4), we set�� to 1
and�� to 3. The value of� in Eq. (3) is set to 0.1.

4. Experiments

In this section, we conduct experiments on the drag-based
editing benchmark, DragBench [29], as well as diverse exam-
ple images to assess the effectiveness of DragNoise. We �rst
compare DragNoise with existing GAN-based and diffusion-
based methods. Furthermore, we validate the optimization ef-
�ciency of our method by comparing it with recent DragDif-
fusion. Additionally, ablation studies are conducted to ana-
lyze the in�uences of different initial timesteps of the editing
stage, the effect of optimization on distinct layers, and the
extent of optimization propagation at the editing stage. Quan-
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Figure 6. Comparison with DragDiffusion across diverse images. Our method yields more stable and plausible edits aligned with user inputs.

titative experiments using various metrics are carried out to
validate our dragging accuracy and image �delity.

4.1. Qualitative Evaluations

In this subsection, we compare our method to existing ap-
proaches,i.e., DragGAN [23], FreeDrag [19] and DragDiffu-
sion [29]. For all the input images, we train StyleGAN and
LoRA for GAN-based editing and diffusion-based editing,
respectively.

In Fig. 5, we conduct a general comparison with GAN-
based methods and the diffusion-based method. Both Drag-
GAN and FreeDrag exhibit the capability to relocate anchor
points to objective points. However, due to the limited spatial
information in their 1D latent space, they usually encounter
global changes during the dragging process. For instance,
the movement of anchor points results in the unintended
shifting of features such as the person’s facial shape in the
1st row. Moreover, DragGAN incorrectly tracks new anchor
points when the features around the anchor points are similar,
leading to unexpected editing effects such as �ipping and mir-
roring (see Fig.5c). The results show that both GAN-based
methods are constrained by the limitations in StyleGAN’s
generation and inversion capabilities. As a consequence,
both DragGAN and FreeDrag yield outcomes where the re-

gions around anchor points become blurred when additional
contents are required to be generated to �ll the space.

We further showcase diverse results in comparison with
DragDiffusion in Fig.6. Results show that DragDiffusion’s
two-dimensional noisy latent map offers improved local edit-
ing capabilities without inducing global changes. Neverthe-
less, the inversion capability of the noisy latent map is con-
strained, resulting in a loss of semantic information. More-
over, the lack of highly decoupled semantic information in
the noisy latent map results in semantic alterations in the
generated images around the anchor points. For example, as
demonstrated in the 3rd row of Fig.6f, the hairstyle changes
after the face rotation. In addition, due to the long chain
of back-propagation of DragDiffusion’s optimization on the
noisy latent map, if the features near the anchor points are
similar, i.e., when the semantic alignment loss is small, the
gradient vanishes, impeding updates to the noisy latent map
and consequently leading to an under-dragged image (e.g.,
the horse in Fig.6f).

In comparison, our method precisely moves the anchor
points toward the objective points and achieves a natural
dragging effect with high �delity. This is attributed to the
proposed diffusion semantic optimization and propagation
with the bottleneck feature. For instance, when dragging to










