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Abstract

Diffusion-based Image Editing (DIE) is an emerging research
hot-spot, which often applies a semantic mask to control the
target area for diffusion-based editing. However, most exist-
ing solutions obtain these masks via manual operations or
off-line processing, greatly reducing their efficiency. In this
paper, we propose a novel and efficient image editing method
for Text-to-Image (T2I) diffusion models, termed Instant Dif-
fusion Editing (InstDiffEdit). In particular, InstDiffEdit aims
to employ the cross-modal attention ability of existing diffu-
sion models to achieve instant mask guidance during the dif-
fusion steps. To reduce the noise of attention maps and real-
ize the full automatics, we equip InstDiffEdit with a training-
free refinement scheme to adaptively aggregate the attention
distributions for the automatic yet accurate mask generation.
Meanwhile, to supplement the existing evaluations of DIE,
we propose a new benchmark called Editing-Mask to exam-
ine the mask accuracy and local editing ability of existing
methods. To validate InstDiffEdit, we also conduct extensive
experiments on ImageNet and Imagen, and compare it with a
bunch of the SOTA methods. The experimental results show
that InstDiffEdit not only outperforms the SOTA methods in
both image quality and editing results, but also has a much
faster inference speed, i.e., +5 to +6 times. Our code avail-
able at https://github.com/xiaotianqing/InstDiffEdit

Introduction

For a year or two, diffusion models have gradually become
the mainstream paradigm in conditional image generation
(Saharia et al. 2022; Ramesh et al. 2022; Rombach et al.
2022; Balaji et al. 2022; Nichol et al. 2021). Compared with
Generative Adversarial Networks (GAN) (Karras, Laine,
and Aila 2019; Karras et al. 2020; Xia et al. 2021), diffu-
sion models yield a completely different generation pipeline,
which can obtain more diverse and interpretable genera-
tions. The great success of diffusion models also sparks re-
searchers to apply them to the task of semantic image edit-
ing (Meng et al. 2021; Kawar et al. 2022).

Semantic image editing (Zhan et al. 2021) aims to modify
the target instance of the given image according to the input
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Figure 1: Ilustration of existing diffusion-based image edit-
ing methods, where a manually or off-line generated mask
is often used to control the editing area.

text description, while the rest image information needs to
be preserved as much as possible. Although existing diffu-
sion models (Saharia et al. 2022; Ramesh et al. 2022; Rom-
bach et al. 2022) excel in generation quality and diversity
on text-to-image generation, it still lacks precise controls.
Therefore, recent diffusion-based editing methods introduce
additional information to better control the image manipula-
tion, such as reference image (Meng et al. 2021) or semantic
mask (Avrahami, Lischinski, and Fried 2022).

Among these solutions, padding a semantic mask is the
most effective way for accurate image editing, which can
precisely restrict the target image area and achieve edit-
ing via text-to-image diffusions (Avrahami, Lischinski, and
Fried 2022), as shown in Fig. 1. However, the mask genera-
tion often requires manual intervention (Avrahami, Lischin-
ski, and Fried 2022; Couairon et al. 2022b), greatly limiting
the efficiency of these methods for the practical use.

Recent advance has aspired to automate the editing pro-
cess via reducing the manual efforts or including the mask
generation in diffusion models. For instance, PtP (Hertz
et al. 2022) proposes a semi-automated method, which can
directly obtain mask by manually setting some parameters.
More recently, DiffEdit (Couairon et al. 2022b) proposes a
fully automatic method, which can embed the mask gener-
ation into the diffusion framework, but its mask generation
and image editing are still time consuming. Overall, exist-
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ing solutions still exhibit obvious shortcomings in terms of
either manual intervention or computation efficiency.

In this paper, we propose a novel yet efficient image edit-
ing method for diffusion models, termed Instant Diffusion
Editing (InstDiffEdit). The feasibility of InstDiffEdit is at-
tributed to the superior cross-modal alignment of existing
diffusion models. In the advanced diffusion models like Sta-
ble Diffusion (Rombach et al. 2022), an effective multi-
modal space has been well established by learning numer-
ous image-text pairs, and these models also involve excellent
cross-attention mapping. In this case, we can leverage the
hidden attention maps in diffusion steps to facilitate instant
mask generation. However, these hidden attention maps are
intractable to directly use, and they are often full of noise.
For instance, the semantic attentions of start token are much
more noisier than that of “car” in Fig. 2. Thus, we also equip
InstDiffEdit with a learning-free mask refinement scheme,
which can adaptively aggregate the attention distributions
according to the editing instruction. Notably, the proposed
InstDiffEdit is a plug-and-play component for most diffu-
sion models, which is also training-free.

To validate InstDiffEdit, we apply it to Stable Diffusion
v1.4 (Rombach et al. 2022), and conduct extensive experi-
ments on two benchmark datasets, namely ImageNet (Deng
et al. 2009) and Imagen (Saharia et al. 2022). Meanwhile, to
better measure the local editing ability and mask accuracy of
existing methods, we also propose a composite benchmark
called Editing-Mask, as a supplementary evaluation to DIE.
The experimental results on ImageNet and Imagen show that
compared with existing methods, InstDiffEdit can achieve
the best trade-off between computation efficiency and gener-
ation quality for semantic image editing. For instance, com-
pared with the recently proposed DiffEdit, our method can
obtain competitive editing results while improving the infer-
ence speed by 5 to 6 times. The results on Editing-Mask con-
firm the superiority of our method in background preserva-
tion. Furthermore, we also provide sufficient visualizations
to examine the ability of InstDiffEdit.

Conclusively, the contribution of this paper is three-fold:

* We propose a novel and efficient image editing method
for diffusion-based models, termed InstDiffEdit, which
obtains instant mask guidance via exploiting the cross-
modal attention in diffusion models.

* As a plug-and-play component, InstDiffEdit can be ap-
plied to most diffusion models for semantic image edit-
ing without further training or human intervention, and
its performance is also SOTA.

e We propose a new image editing benchmark, termed
Editing-Mask, containing 200 images with human-
labeled masks, which can be used for the evaluation of
mask accuracy and local editing ability.

Related Work
Text-to-Image Diffusion

In the past few years, a lot of diffusion-based methods (Rom-
bach et al. 2022; Ramesh et al. 2022; Saharia et al. 2022)
has been proposed, which also demonstrate superior perfor-
mance in terms of image quality and diversity compared
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Figure 2: The visualization of the attention maps in Stable
Diffusion. The target word of “caf” has the best attention
map, but it needs to be manually identified during applica-
tions. The start token is relevant but still very noisy.

to GAN. (Karras et al. 2020; Xia et al. 2021). Some re-
cent works (Avrahami, Lischinski, and Fried 2022) also ex-
plore the combination of diffusion models with Contrastive
Language-Image Pre-Training (CLIP) (Radford et al. 2021).
For example, Stable Diffusion (Rombach et al. 2022) lever-
ages CLIP’s text encoder to guide the image generation
process. By incorporating cross-attention between text and
noisy images, the model generates images that are semanti-
cally aligned with the textual description.

Semantic Image Editing

A plethora of GAN-based semantic image editing ap-
proaches (Goodfellow et al. 2014; Xu et al. 2018; Xia et al.
2021) have been proposed with remarkable outcomes. The
emergence of large-scale GAN networks, such as the Style-
GAN family (Karras, Laine, and Aila 2019; Karras et al.
2020, 2021), significantly enhances the editing capabilities.
Meanwhile, Transformer (Vaswani et al. 2017) has demon-
strated remarkable performance in text-driven image edit-
ing tasks. ManiTrans (Wang et al. 2022) use Transformers
to predict the content of covered regions, which enables se-
mantic editing only performing on a certain image region.

Recently, with the developments of diffusion models,
practitioners also explore their application in semantic im-
age editing. SDEdit (Meng et al. 2021) accomplishes this
by retaining a portion of the reference image information
during the diffusion process. CycleDiffusion (Wu and De la
Torre 2022) proposes an inversion model to get a better la-
tent from the input image, thus improving the edit quality.
PtP (Hertz et al. 2022) and PnP (Tumanyan et al. 2022)
operate editing via modifying attention maps in diffusion
models. More recently, to prevent unbounded edits from
global image editing, some methods resort to local edit-
ing techniques. For example, Blended Diffusion (Avrahami,
Lischinski, and Fried 2022) and RePaint (Lugmayr et al.
2022) implement local editing on real images with manual
mask. However, the acquisition of manual masks is time-
consuming and labor-intensive, and hinders the develop-
ments of automated semantic editing.

Therefore, some methods have begun to explore auto-
mated mask generation. DiffEdit (Couairon et al. 2022b)
is better suited to the requirements of automated editing as
it obtains the mask by contrasting variations in model pre-
dictions with different text prompts. However, because of
the stochastic randomness of the diffusion model, DiffEdit
requires multiple iterations to stabilize the ultimate output,
which leads to inefficiencies in terms of time.
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Figure 3: The framework of the Instant Diffusion Editing (InstDiffEdit). InstDiffEdit involves instant mask generation at each
denoising step based on the attention maps. This mask can provide instant guidance for the image denoising. The left part (a)
illustrates the noise process, and (b) depicts the generation of semantic mask at each step, based on which the diffusion-based
image editing is performed (c). Lastly, the inpainting model is further applied to accomplish the generation (d).

Preliminary
Latent Diffusion Models

Traditional diffusion models (Ho, Jain, and Abbeel 2020)
typically operate the diffusion process on high-resolution
image space, which significantly limits training and gen-
eration speed. In order to achieve more efficient training
and generation, Latent Diffusion Models (LDMs) (Rombach
et al. 2022) perform the diffusion process on the latent space
rather than the resolution space, thereby improving the effi-
ciency of training and inference.

First of all, LDMs leverages an automatic encoder frame-
work Er, such as VAE (Kingma and Welling 2013), to map
the image features I to low-dimensional latent spaces x( and
generate noisy image features z; through the diffusion for-
ward process:

xy = Vagzo + V1 — e, x0 = Er(), €]
where ¢ denotes the time-step, which is determined by noise
strength r. The noise term ¢, is sampled from a standard
normal distribution. o is a decreasing schedule of diffusion
coefficients that controls the strength of noise ateach step.
Subsequently, the text sequence .S is mapped to a feature
space using a text encoder E7 such as CLIP (Radford et al.
2021), recorded as Cq;y = Er(S). The diffusion process
period is operated on latent space, denoted as:

1 ( 1— Qi
— (Tt — ——¢
vt T ¢
Finally, a decoder D;, which corresponds to the encoder

E7y, is employed to reconstruct the image from the latent di-
mension with I... = Dy (zo).

@

Ty = (zt,¢,1)) + 042.

Cross-Attention in LDMs

In LDMs, text-to-image generation is accomplished by mod-
ifying the latent representations using cross-attention align-
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ments. Specifically, for each text S which consists of N
tokens, the pre-trained text encoder C'LI Py is utilized to
transform it into the text feature ¢ = {c1, ¢a,...,cn }. Sim-
ilarly, input image is transformed into image latent zy and
the noisy image latent x; is obtained according to Eq. 1.

Subsequently, the text features and image latent are pro-
jected by three trainable linear layers, denoted as fg, fv,
and fx. Next, the spatial attention maps A is generated for
each text token by:

QK"
A= Softmax( \/@ )7Q = fQ(Zt)7K = fK(t)7V = fV(t)
(3)

where d;, denotes the feature dimension of K. And the at-
tention maps A is then combined with the value matrix V' to
obtain the final output of the cross-attention layer with V- A.

Generally, the attention maps in Stable Diffusion can in-
dicate the correspondence between text words and image re-
gions. However, due to the noise contained in image latent ,
it is challenging to directly obtain the desired target instance
from the attention maps, and these hidden attention maps are
still of noisy, as shown in Fig. 2.

Methodology
Overview

In this paper, we propose a novel and efficient image editing
method based on text-to-image diffusion models, termed In-
stant Diffusion Editing (InstDiffEdit), of which structure is
illustrated in Fig. 3.

Concretely, similar to exisitng methods (Avrahami,
Lischinski, and Fried 2022), we aim to achieve the target
image editing by padding a semantic mask to input image,
based on which the diffusion steps are conducted to achieve
target edition. This process can be defined by:

=M -z +(1—M) -y, )
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where, z} and y; denote the predicted noisy latent and the
latent representation of the noisy image at step ¢, and M is
the mask. Then, we can get the noisy latent x; for editing.

This mask-based editing is supported by recent advances
in diffusion models (Avrahami, Lischinski, and Fried 2022),
which can restrict editing areas using mask and replace the
non-masked area of the predicted image with noise image
at the current timestep. This allows mask-based methods
to preserve the background in the non-masked area while
editing. However, the generation of this semantic mask of-
ten requires manual efforts (Hertz et al. 2022; Patashnik
et al. 2023) or off-line processing (Avrahami, Lischinski,
and Fried 2022; Lugmayr et al. 2022). In this case, Inst-
DiffEdit resorts to the attention maps in LDMs for instant
mask genernation during diffusions. As shown in Fig. 2, the
attention maps in LDMs capture the semantic correspon-
dence between the image and text well.

However, it also encounters some problems. To specify
the attention map of the editing target, e.g., “cat” in Fig.
2, the method still requires manual efforts, since we do not
know the length and content of user’s instruction during ap-
plication. And directly using the map of “start token” as a
trade-off is still too noisy for efficetive edition.

In this case, we equip InstDiffEdit with an automatic re-
finement scheme for mask generation. As shown in Fig. 3,
given an input image latent feature x;, and a text feature
Ceqit, we can get the hidden attention maps A in denoise
process from Eq. 3. Then, we propose a parameter-free at-
tention mask generation module G(+) to obtain the semantic
mask M; = G(x, Ceqst). Later, with this instant mask, we
can directly perform target image editing during the diffu-
sion steps, which can be re-written by:

i1 = My - eg(xs,t, Ceqir) + (1 — My) - ys. )

where, M, is the mask computed by the attention mask mod-
ule in timestep ¢ and €g denotes the diffusion model.

Lastly, in order to achieve better generation results, we
adopt a strategy of using the mask generated in the last de-
noising step as the final mask, and generating the final edit-
ing results through the inpainting way in LDMs.

In the next subsection, we will give the detail definition of
the proposed attention mask generation module.

Instant Attention Mask Generation

In InstDiffEdit, we use the attention maps generated in the
denoising process as the information source for mask gener-
ation. However, the input text often consists of multiple to-
kens, and the attention information of each token has its own
focus and varies vastly with the change of sentence length
and word composition. Therefore, it is difficult for the model
to automatically locate attention results of the target words.

In practice, we use the attention maps of the start token as
the base information for further attention mask refinements.
To explain, in a well pre-trained T2I diffusion model, the
start token often expresses the semantics of the whole sen-
tence. As shown in Fig. 2, the focus region of attention cor-
responding to the start token overlaps highly with the edit
region of the semantic description. However, the start token
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Figure 4: The proposed instant mask generation. An index-
ing process is first performed based on the semantic similar-
ities between the start token and the other ones (upper left).
Refinement is then operated between the index and the re-
maining ones (lower left). Finally, the mask is obtained via
the adaptive aggregation of all attention maps.

contains the whole sentence as well as part of the original
image information, so its attention distribution is still messy.

In this case, we adopt the idea of key information ex-
traction to eliminate the noisy information and obtain the
most relevant content with semantic information. Assuming
a noise strength of r, the denoise process starts at time-step
7 (r =7r*T,T = 1000), and the corresponding attention
maps A can be obtained using Eq. 3. Specifically, we lever-
age the attention map of the start token A7,,,, € R5*16 as
the reference information, and subsequently retrieve the at-
tention A7 ;.. € R'6*16 by computing all similarities with
the reference map. This enables us to identify the location of
the object that requires modification:

A = argmax Z COSine(A;—>A;tart)7
i€[1,N]

(6)

-
index

where cosine(-) denotes semantic similarity and N is the
length of all tokens in sentence.

To obtain more accurate mask information, we further ag-
gregate the concept-related information and eliminate irrel-
evant information. Specifically, we compute the similarities
between the obtained A7, . and the attention maps of the
text tokens to obtain a similarity vector S € R/ :

;—ndea;)' (7)

In principle, the similarity of the attention maps at each
token is closely related to the semantic similarity of the sen-
tence. As the attention maps are associated with the core
semantic, the similarities will be larger, and vice versa.

Afterwards, we can get a position vector to weight the
attention information via filtering the similarity vector with
two thresholds:

S; = cosineie[, N (A7, A

1 Si > 1,
Pepny =19 —1 Si<n, (8)
0 others.

Computing semantic similarities at each step of the de-
noising process can be time-consuming due to the large di-
mensionality of the attention maps. To mitigate this issue,
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we propose to compute the position vector P only in the
first step 7 of the denoising process.

Finally, we obtain the refined attention map A7/ with at-
tention maps A, and P at timestep t € {r,...,0} (A% =
P- A,), which is then processed using Gaussian filtering and
binarized with a threshold ¢ to obtain the final mask M;:

ref

My(z,y) = { LA (@) > e ©)
here, (z,y) refers to a point in the latent space of the image.
Notably, the above instant attention mask generation mod-
ule is training free, and thus it can be directly plugged into
most existing T2I diffusion models. Meanwhile, through the
refine processing, the obtained mask is much superior than
the ones before refining.

Semantic Editing via Mask

Through the mask generation module, we obtain a mask at
each step of the image denoising process. Thus, by blending
the mask, guidance can be provided to denoising by Eq. 4.

Howeyver, since all the information in the masked area is
essentially discarded, the resulting image often has local se-
mantic consistency but does not consider global semantics,
leading to artifacts. Additionally, when the noise level is low,
some editing operations cannot be achieved, such as color
modification. Thus, we also equip InstDiffEdit with an in-
painting based method for semantic image editting.

The inpainting method (Rombach et al. 2022) initializes
the information in the masked area with completely random
noise and considers global information during generation,
thus eliminating artifacts and editing failures caused by the
original image information. Nevertheless, the performance
of inpainting is highly dependent on the accuracy of mask.

Therefore, we combine the advantages of the two meth-
ods by using attention maps to generate mask in the denois-
ing process, thereby guiding image generation and obtaining
more accurate mask during denoising.

Finally, we use the inpainting method on the mask gener-
ated in the last step of denoising to generate an image that is
artifact-free and more consistent with the remaining infor-
mation in the original image. Notably, the combination of
two mask editing methods only slightly increases the com-
putation cost of semantic image editing.

Experiments
Experiment Setting

Datasets We use ImageNet, Imagen and Editing-Mask to
evaluate the performance of semantic editing task.

¢ ImageNet Followed the evaluation of Flexit (Couairon
et al. 2022a). A total of 1092 images in ImageNet (Deng
et al. 2009) are included, covering 273 categories. For
each image, the edit text is another similar category .

* Imagen We construct an evaluation dataset for semantic
editing by utilizing the generations from the Imagen (Sa-
haria et al. 2022) model. Specifically, we randomly se-
lected a short text which not in the input text as the edit
text, such as replacing “British shorthair cat” with ”Shiba
Inu dog”, resulting in a dataset of 360 paired samples.
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» Editing-Mask A new dataset, which comprises 200 im-
ages randomly selected from Imagen and ImageNet.
Each sample includes an image, input text, edit text, and
a human-labelled mask that corresponds to the semantics
of the edit text. Our proposed dataset enables direct eval-
uation of the performance of editing tasks, particularly in
regions where editing is necessary.

Metrics We evaluate the performance of editing methods
in terms of time efficiency and generation quality. Specif-
ically, we measure the average editing time of an image
at a resolution of 512 to assess the time consumption of
each method. Additionally, we used the Learned Perceptual
Image Patch Similarity (LPIPS) (Zhang et al. 2018) met-
ric to quantify the difference between the generated image
and the original image, which reflects the degree of modi-
fication made by the editing method. Furthermore, we em-
ployed the Classwise Simplified Fréchet Inception Distance
(CSFID) (Couairon et al. 2022a) metric, which is a category
FID metric that measures the distance between generated
and original images. We also use CLIPScore (Hessel et al.
2021) to measure the semantic similarities between the edit
texts and generated images. It is noted that all of these met-
rics evaluate the generated image quality rather than the edit-
ing performance. Therefore, in our proposed human-labeled
mask daraset, we use Intersection over Union (I0U) to as-
sess the quality of the generated masks, C,,, and C,,0s, to
represented the modifications of the image in the mask and
non-mask areas. The metrics on Editing-Mask provides a
more direct evaluation of editing performance.

Implementation The framework of InstDiffEdit is based
on Stable Diffusion v1.4. We use 50 steps of LDMScheduler
sampler with a scale 7.5, and set noise strength to r = 0.5,
threshold of binarization to ¢ = 0.2, and the thresholds for
attention refinement defined in Eq. 8 are 0.9 and 0.6 by de-
fault, respectively. We maintain n = 3 rounds of denoising
on the input image in parallel throughout the entire denois-
ing process. Finally, we use the inpainting mode in Stable
Diffusion to get the target image.

Experimental Results

Quantitative Analysis In this section, we present quanti-
tative results on three datasets.

Comparison With Existing Methods. To validate the ef-
fectiveness of the proposed InstDiffEdit, we compare it with
five diffusion-based methods, of which results are given in
Tab. 1 and Fig. 5. The latent-based methods, i.e., SDEdit
(Meng et al. 2021) and CycleDiffusion (Wu and De la Torre
2022), which rely on the association between the generated
image’s latent and the original image’s latent. These meth-
ods offer the advantage of low time cost for editing. How-
ever, their performance is much worse than the other meth-
ods. Meanwhile, attention-based methods, i.e., PtP (Hertz
et al. 2022) and PnP (Tumanyan et al. 2022), infer on the la-
tent representation of real images, resulting in lower time ef-
ficiency and heavy reliance on the performance of inversion.
As a mask-based model, DiffEdit (Couairon et al. 2022b)
achieves significant improvements over all datasets, indicat-
ing the effectiveness of generated masks in diffusion-based
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. Editing-Mask ImagetNet Imagen

Category Models Time| 60 —C(%)T Cnon(%)] Tatel TPIPS| CSFID]  LPIPS| FID] CLIPScoret
Latent SDEdit 3.0 - 11.6 8.4 1.38 31,1 765 321 752 0238
CycleDiffusion | 5.2 - 12.1 73 1.66 31,1 875 258 630 0246
Attention PtP 182 - 16.8 12.9 1.30 - - 428 8567  0.240
PnP 80.0 - 12.1 7.8 1.56 273 768 222 616 0240
Mask DiffEdit 640 330 195 8.0 245 279 709 297 588  0.247
InstDiffEdit | 10.8 562  22.7 6.1 3.71 286  65.1 170 553 0.249

Table 1: Comparison with existing methods on three datasets. The performance of Mask-based methods are much ahead of
other methods. Moreover, InstDiffEdit leads to 70.3% on IOU and 51.4% on changing rate C.,/Cron compared with SOTA

method DiffEdit. All experiment are conducted on a NVIDIA A100.
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Figure 5: The trade-offs of existing methods between different metrics. We conduct experiments by using two different metrics
as the independent and dependent variables respectively. The proposed InstDiffEdit has the best trade-offs.

image editing. Specifically, on our proposed Editing-Mask, r ¢ 10Ut Ch(%) 1t Cron(%)l CplCron?
DiffEdit’s changing rate C,;, / Ch,on, far exceeds that of latent- 0.5 None| - 11.6 8.4 1.38
based and attention-based methods. However, DiffEdit still

requires much longer inference time. In stark contrast, our 0.4 8% g%g %?g 2% gég
InstDiffEdit achieves up to 5 to 6 times faster inference 03 | 0 173 4.7 3.68
speeds than DiffEdit, while obtaining more accurate masks.

InstDiffEdit also demonstrates improvements of IOU with 0.5 8% gég %;‘71 gz g%?
ground truth masks, changing rates with 70.3% and 51.4%, ’ 03 | 543 182 4.8 3.81
respectively. This strongly confirms that the proposed mask

generation scheme can generate more accurate masks. Re- 0.6 8% ‘5‘4912 %g% 247‘ %gg
sults on ImageNet show that InstDiffEdit generally outper- : 03 | 542 193 51 376

forms DiffEdit in terms of image quality, although its LPIPS
score is slightly worse . Additionally, InstDiffEdit’s perfor-
mance on the CSFID benchmark significantly outperforms
DiffEdit by +21.1%. Similar results are also observed on the
Imagen benchmark, where InstDiffEdit excels in both image
quality and image-text matching, achieving a performance
increase of +44.8% compared to DiffEdit on LPIPS.

We also depict the performance trade-offs between dif-
ferent metrics in Fig. 5. These results are achieved by tun-
ing the hyper-parameters of each method based on the tar-
get metric. From these figures, we can first conclude that
the proposed InstDiffEdit can consistently achieve the best
trade-offs on all metric pairs. We observe that InstDiffEdit
significantly outperforms the other methods under all condi-
tions. These results further confirm the advantages of InstD-
iffEdit in terms of diffusion-based image editing.

Ablation Study. Tab. 2 presents ablation results for dif-
ferent settings of the noise strength 7 in Eq. 1 and the bina-
rization threshold . In the firs row, we assess the method’s
performance without a mask, and the insufficient perfor-
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Table 2: Ablation study of noise strength r and binarization
threshold ¢ on Editing-Mask.

mance indicates that mask-free methods are inferior in for
image editing. Secondly, as the noise strength r increases,
the model obtains less information from the original image
and tends to generate masks with larger areas, which results
in an upward trend of C,, and C,,, (Line 2 vs Line 5 vs Line
8). However, the IOU with ground truth mask and change
rate exhibits a trend of initially increasing and then decreas-
ing. Additionally, as the binarization threshold ¢ decreases,
there is a tendency for the mask to cover a larger region,
resulting in a similar phenomenon as discussed previously.
Therefore, we select » = 0.5 and ¢ = 0.2, which yields the
highest IOU and superior performance on the change rate.

Qualitative Analysis To obtain deep insight into InstD-
iffEdit, we visualize the editing results of our InstDiffEdit
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Figure 6: Visualizations of the generated masks and edited images of InstDiffEdit and the compared methods. Compared with
DiffEdit, the masks of InstDiffEdit are closer to the human-labeled ones. Moreover, the comparisons with the latent-based and
attention-based approaches also show the merit of the instant mask in our InstDiffEdit. The red boxes refers to failed editions.

and other compared methods on Editing-Mask, as shown
in Fig. 6. It can be first seen that both latent-based and
attention-based approaches lack explicit constraints on the
area to edit, which may result in unexpected generations.
For instance, in the case of the “German Shepherd” im-
age in the 4th column, DiffEdit and InstDiffEdit success-
fully modify the object while preserving the background,
while other mask-free methods obviously change the back-
ground. However, a noteworthy disparity exists between the
generated masks of DiffEdit and the human-labeled masks.
Specifically, the masks produced by DiffEdit are somewhat
inaccurate, and exhibits peculiar shape outlines. In contrast,
our generated masks are significantly superior to those gen-
erated by DiffEdit, leading better editing results. For in-
stance, in the case of “speedboat” image in the 3rd col-
umn, our mask accurately encompasses the primary object
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“boat”, whereas the mask generated by DiffEdit is non-
representative. Consequently, our approach achieves suc-
cessful editing, whereas DiffEdit fails to do so. These results
are consistent with IOU performance presented in Tab. 1.

Conclusion

In this paper, we propose a novel and efficient method,
called InstDiffEdit for diffusion-based semantic image edit-
ing. As an plug-and-play component, InstDiffEdit can be di-
rectly applied to most diffusion models without any addi-
tional training or human intervention. Experimental results
not only demonstrate the superior performance of InstD-
iffEdit in semantic image editing tasks, but also confirm its
superiority in computation efficiency, e.g., up to 5 to 6 times
faster than DiffEdit.
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