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Figure 1. Diverse erase inpainting results produced by our proposed EraDiff, where images before and after removal are presented in pairs,
and the areas to be erased in the original images have been marked. The EraDiff can eliminate targets in various complex real-world scenes
while ensuring visual coherence in the generated images.

Abstract

Erase inpainting, or object removal, aims to precisely re-
move target objects within masked regions while preserving
the overall consistency of the surrounding content. Despite
diffusion-based methods have made significant strides in the
field of image inpainting, challenges remain regarding the
emergence of unexpected objects or artifacts. We assert
that the inexact diffusion pathways established by existing
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standard optimization paradigms constrain the efficacy of
object removal. To tackle these challenges, we propose a
novel Erase Diffusion, termed EraDiff, aimed at unleash-
ing the potential power of standard diffusion in the con-
text of object removal. In contrast to standard diffusion,
the EraDiff adapts both the optimization paradigm and the
network to improve the coherence and elimination of the
erasure results. We first introduce a Chain-Rectifying Opti-
mization (CRO) paradigm, a sophisticated diffusion process
specifically designed to align with the objectives of erasure.
This paradigm establishes innovative diffusion transition
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pathways that simulate the gradual elimination of objects
during optimization, allowing the model to accurately cap-
ture the intent of object removal. Furthermore, to mitigate
deviations caused by artifacts during the sampling path-
ways, we develop a simple yet effective Self-Rectifying At-
tention (SRA) mechanism. The SRA calibrates the sampling
pathways by altering self-attention activation, allowing the
model to effectively bypass artifacts while further enhanc-
ing the coherence of the generated content. With this design,
our proposed EraDiff achieves state-of-the-art performance
on the OpenImages V5 dataset and demonstrates significant
superiority in real-world scenarios.

1. Introduction
Image inpainting is a crucial technique in computer vi-
sion, aimed at reconstructing missing or damaged regions
while maintaining visual coherence and contextual integrity
[15, 32]. As one specialized form of image inpainting, ob-
ject removal, also called erase inpainting, has broader appli-
cations in various fields such as social media [3, 50], adver-
tising design [36], and image processing [37, 46]. However,
in comparison to general image inpainting, an ideal erase
inpainting model must address two critical challenges. Co-
herence: The model should seamlessly inpaint the masked
area, ensuring consistency in lighting, content, and other
relevant aspects. Elimination: The model should accu-
rately remove objects within the masked area while prevent-
ing the generation of extraneous elements or artifacts.

Prior erase inpainting methods primarily relied on non-
parametric patch sampling techniques [4, 10, 19] or Gen-
erative Adversarial Networks (GANs) [5, 8, 14, 22, 29, 33,
41, 44, 48]. These approaches often resort to filling large
masked regions with repetitive patches, resulting in a lack
of coherence in the generated images. In recent years, meth-
ods based on Latent Diffusion Models (LDMs) [27] have
demonstrated superiority in generating more natural im-
ages. However, these methods struggle to eliminate target
objects. For example, when a user seeks to erase a piece
of pizza in Figure 1, the LDMs may mistakenly generate
another piece of pizza instead of the expected clean plate.

We attribute the above issues to the fact that standard dif-
fusion pathways in most existing methods are not suitable
for erase tasks. During optimization, most diffusion-based
erase inpainting models take the original image with added
noise and randomly generated masks as input, aiming to re-
cover the original image in the presence of noise. However,
this standard training paradigm only establishes a denois-
ing process that transitions from random noise to clear im-
ages, without addressing the specific goal of object removal.
Consequently, the model may follow a denoising pathway
from noise to an image with objects. Based on this observa-
tion, we argue that an ideal erase inpainting model should

establish a diffusion pathway directly from objects to back-
grounds to ensure the definitive removal of unwanted ele-
ments. Furthermore, in the early stages of denoising, the re-
constructed regions are significantly influenced by the shape
of the masks and the level of noise. This impact may lead
to deviations in the early latent states, resulting in the emer-
gence of artifacts. The standard self-attention mechanism
tends to incorrectly regard the features of these artifacts as
important information, which gradually amplifies the devi-
ations during the subsequent denoising process. Ultimately,
it leads to unexpected objects in the generated images.

In this paper, we present a novel erase diffusion model,
termed EraDiff, specifically designed for object removal,
which effectively unleashes the potential erasure power of
standard diffusion. First, we introduce a Chain-Rectifying
Optimization (CRO) paradigm that supports the establish-
ment of new diffusion pathways from noise to backgrounds.
Specifically, we develop a dynamic image synthesis strat-
egy that enables the generation of a variety of dynamic
images at different time steps without the need for extra
data. These synthesized dynamic images effectively simu-
late the gradual elimination of objects during the denoising
process, yielding intermediate latent states corresponding
to different time steps. Next, we introduce a new dedicated
optimization objective for erase inpainting. This objective
guides the establishment of transitions among multiple in-
termediate latent states. By applying the CRO paradigm, the
model learns to accurately identify the intention to erase and
improve content coherence. Furthermore, to address poten-
tial deviations caused by artifacts during the early denois-
ing process, we design a Self-Rectifying Attention (SRA)
mechanism that explicitly guides the model in executing ob-
ject removal more effectively. By altering self-attention ac-
tivation, the SRA enhances background features while rec-
tifying its incorrect reliance on artifacts. This replacement
of the standard attention mechanism results in final gener-
ated images that appear more realistic and devoid of un-
expected objects. To the best of our knowledge, our pro-
posed method achieves state-of-the-art performance in both
the public OpenImages V5 [18] dataset and large-scale real-
world scenarios.

2. Related Work
Image Inpainting. Image inpainting, which involves the
reconstruction of large-scale missing regions, has garnered
substantial attention within the field. Traditional image in-
painting methods employ heuristic patch-based propaga-
tion algorithms to borrow texture and structure from neigh-
boring regions of the corrupted areas [4, 10, 19]. How-
ever, these methods often struggle to effectively restore ar-
eas with complex structures or semantics [42]. To tackle
this issue, numerous studies have harnessed the power of
deep neural networks [6, 34, 49] and proposed various en-
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hancements to GANs [25] aimed at improving the coher-
ence of inpainted regions. Subsequent research has exten-
sively examined different facets, including semantic context
and texture [1, 7, 13], edges and contours [5, 8], as well as
the design of hand-engineered architectures [20, 51]. No-
tably, Suvorov et al. [33] introduced FFCs into residual
modules, providing a remedy for enhancing the perceptual
quality of GAN-generated outputs. More recently, promis-
ing efforts have been made in applying LDMs to inpaint-
ing tasks, showcasing their potential to achieve impressive
results [9, 23, 26, 31, 35, 38]. However, general image
inpainting models may generate unexpected objects in the
masked areas, making these LDM-based methods unsuit-
able for effective object removal.
Erase Inpainting. Erase inpainting, one specialized form
of image inpainting, focuses on removing unwanted con-
tent from images. The typical setup for erase inpainting is
to provide an image along with an object mask as input,
ultimately generating a clean background that excludes the
specified object. Many studies have concentrated on im-
provements in model architecture [22, 40, 43, 44] and loss
functions [29, 33]. While these methods effectively im-
prove the coherence of masked regions, they still struggle
with object removal. Recent works [2, 12, 21, 30, 45] have
attempted to leverage textual prompts to locate erase targets
within images. However, relying on textual cues to accu-
rately identify areas for erasure has proven to be unstable.
Models fail to follow textual instructions, which can lead
to unfavorable results. As a result, these approaches face
challenges in large-scale practical applications. Through
in-depth investigation, we find that the struggle to effec-
tively erase objects stems from the inexact construction of
the erase diffusion chain. Our proposed method attempts
to directly establish diffusion pathways from the noise to
the background. This approach enables effective object re-
moval without relying on additional textual information and
produces one clean and natural background.

3. Preliminaries
Latent Diffusion Models. In this paper, we utilize latent
diffusion models (LDMs) as our erase inpainting model.
LDMs are probabilistic models designed to learn a data
distribution p(x) by gradually denoising a normally dis-
tributed variable, which corresponds to learning the re-
verse sampling process of a fixed Markov Chain of length
T . Specifically, the forward diffusion process progressively
adds noise to the initial latent state x0,

q(xt|x0) = N (xt;
√
ᾱtx0, (1− ᾱt)I), (1)

where 1−ᾱt is the variance schedule at step t and represents
the level of noise, with ᾱt =

∏t
s=1 αs.

According to the DDIM algorithm, the reverse sampling
process can be defined as

xprev =
√
ᾱprev

(
xt −

√
1− ᾱtϵ

(t)
θ (xt)√

ᾱt

)
+
√

1− ᾱprev − σ2
t ϵ

(t)
θ (xt) + σtϵt,

(2)

where ϵt ∼ N (0, I) is standard Gaussian noise. Here, σt

are hyper-parameters, and the reverse sampling process can
be considered deterministic as σt → 0. The term ϵ

(t)
θ (xt) is

trained to predict the noise added to xt by minimizing the
following optimization objective

min
θ

Eϵ∼N (0,I)

∥∥∥ϵ− ϵ
(t)
θ (xt)

∥∥∥2
2
. (3)

Structure of Erasing Ipainting. Most advanced erasing in-
painting methods are based on diffusion models. In this pa-
per, we focus on the SD2-Inpaint model[27], which mainly
consists of a Variational AutoEncoder (VAE) [17] and a U-
Net network [28]. The VAE facilitates the transformation of
input images into latent space. For Erasing Ipainting, the in-
puts typically consist of a noisy image xori

t ∈ RH×W×3, a
random binary mask M ∈ {0, 1}H×W , and the correspond-
ing masked image x′ = xori

0 ⊙M. The U-Net network pre-
dicts the associated noise at timestamp t based on the Equa-
tion 3. This methodology enables the model to establish
a diffusion chain between the original image and Gaussian
noise, allowing for seamlessly repainting masked regions.

Additionally, the self-attention mechanism within U-Net
networks plays a significant role in the erasing process. This
mechanism aggregates information from the entire image,
thereby controlling the generation of features in the masked
regions during the reverse sampling process. Given one la-
tent feature map z ∈ Rh×w×c, where h, w and c are the
height, width, and channel dimensions of z respectively, the
self-attention process can be represented as follows

Q,K,V = ℓQ(z), ℓK(z), ℓV (z), (4)

SA(Q,K,V) = Softmax

(
QK⊤
√
d

)
V, (5)

where ℓQ, ℓK , ℓV are learnable linear layers, and d denotes
the scaling factor.

4. Method
Overview. The overall architecture of our proposed Erase
Diffusion, termed EraDiff, is shown in Figure 2, consisting
of a Chain-Rectifying Optimization paradigm (see Section
4.1) and a Self-Rectifying Attention mechanism (see Sec-
tion 4.2). This CRO paradigm introduces the design of dy-
namic latent states along with a dedicated optimization ob-
jective, thereby establishing novel diffusion chains that bet-
ter align with the erasure objectives. Meanwhile, the SRA
mechanism effectively guides the sampling process to pre-
vent state deviations caused by artifacts.
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Figure 2. The overview of our proposed Erase Diffusion, termed
EraDiff. Left: Dynamic image synthesis. Each image is initially
transformed using techniques like matting, scaling, and copy-
pasting. A mix-up strategy then synthesizes a series of dynamic
images {x̃mix

t } that simulate the gradual fading of the object.
Top: Chain-Rectifying Optimization (CRO). The standard sam-
pling pathway is prone to generating artifacts (black dashed lines).
In contrast, we establish a new sampling path for erasing (red
dashed lines) that better aligns the reverse sampling trajectory with
a clear background. Bottom: Self-Rectifying Attention (SRA).
The standard self-attention mechanism may inadvertently amplify
artifacts, diverging from the expected diffusion pathway. By mod-
ifying the attention activation, we guide the model to bypass arti-
fact regions, enhancing its focus on the background and ensuring
a more accurate erase sampling path.

4.1. Chain-Rectifying Optimization

In the optimization process, existing erase inpainting meth-
ods typically employ randomly generated or object-based
masks, predicting the noise in the masked regions using
Equation 3. These masked regions may cover objects, and
the model’s optimization objective is to reconstruct these
objects rather than eliminate them. As discussed above,
such standard diffusion chains may inadvertently encourage
the model to generate unexpected artifacts. An effective so-
lution is to dedicate diffusion paths for the erase inpainting
task between objects and backgrounds. By simulating the
gradual fading of objects, this approach can suppress their
emergence during the sampling process. Even if the sam-
pling process does not start with standard Gaussian noise
(a common enhancement trick), it can still help eliminate
leaked objects within the masked region. Thus, the main
challenge of this approach is to develop new latent states
within the erase diffusion chains and to optimize the model
to manipulate transitions among these latent states.

Dynamic Latent States. To design dedicated diffusion
chains for erasure between objects and backgrounds, it is
essential to obtain corresponding image pairs. However, ex-
isting public datasets often lack these paired samples, high-
lighting the need for an innovative data synthesis strategy.

Let xori
0 denote the original image, and a trained matting

model is employed to segment the primary object within
it. We then apply various image transformation techniques,
including rotation and scaling, to modify the segmented ob-
jects. These transformed objects are randomly pasted onto
the background region, resulting in a new synthesized im-
age, xobj

0 . This method allows us to construct a training
dataset of object-background image pairs at a relatively low
cost. Furthermore, to effectively simulate the gradual fad-
ing of the objects, we input dynamic images x̃mix

t for each
time step t during the training process,

x̃mix
t = (1− λt)x

ori
0 + λtx

obj
0 , (6)

where the decreasing sequence λ:T ∈ [0, 1]T controls the
mix-up level of object-background image pairs. In the case
of t = 0, x̃mix

0 corresponds to the original image xori
0 .

These dynamic mix-up images assist the model in under-
standing the smooth transition from objects to backgrounds.
Ultimately, based on Equation 1, we can derive a set of new
latent states xmix

t for the self-rectifying diffusion chains,

xmix
t =

√
ᾱtx̃

mix
t +

√
1− ᾱtϵ, (7)

where ϵ ∼ N (0, I).
Optimization Objective. The traditional diffusion process
starts from a fixed xori

0 , and each intermediate latent state
xori
t can be obtained directly using Equation 1. However,

in the new self-rectifying diffusion chains, each latent state
xmix
t is derived from the dynamic image x̃mix

t , making it
infeasible to apply the standard optimization objective in
Equation 3. To mitigate this challenge, we propose a novel
optimization objective that enhances the alignment between
the model’s predicted distribution and the true distribution,
as illustrated in Algorithm 1.

Specifically, the new loss function aims to minimize the
distance between the model-predicted latent states x̂mix

t

and the true states xmix
t . It allows the model to gradually

alter its parameters to adapt to the new distribution shifts.
Given one latent state xmix

t , we can derive the model-
predicted latent state x̂mix

t−γ at the previous γ time step,

pθ(x̂
mix
t−γ |xmix

t ) =
√
ᾱt−γ

(
xmix
t −

√
1− ᾱtϵ

(t)
θ (xmix

t )√
ᾱt

)
+
√
1− ᾱt−γϵ

(t)
θ (xmix

t ),
(8)

where γ ∈ (0, γm). Given the original image xori
0 and the

synthesized image xobj
0 , the corresponding true state xmix

t−γ
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Algorithm 1: Chain-Rectifying Optimization

repeat
xori
0 ∼ q(x);

t ∼ Uniform({1, . . . , T});
γ ∼ Uniform({1, . . . , γm});
ϵ ∼ N (0, I);
xobj
0 ←− xori

0 image transformation;
xmix
t ,xmix

t−γ ←− xori
0 ,xobj

0 based on Equ 6− 7;

x̂mix
t−γ ←− xmix

t , ϵ
(t)
θ based on Equ 8;

Take gradient descent step on
∇θ

∥∥xmix
t−γ − x̂mix

t−γ

∥∥2 based on Equ 9

until converged;

can be obtained using Equation 6 and 7. Finally, we define
the new optimization objective as follows

min
θ

Eγ∼Uniform(1,γm),t

∥∥xmix
t−γ − pθ(x̂

mix
t−γ |xmix

t )
∥∥2
2
. (9)

4.2. Self-Rectifying Attention
We have established a self-rectifying diffusion pathway to
guide the model toward object removal. However, infor-
mation leakage from the mask’s shape can still lead to arti-
facts during the early stages of denoising, resulting in latent
state shifts. The self-attention mechanism tends to give the
masked region stronger attention to itself rather than to the
background. This phenomenon can continuously amplify
artifacts along the reverse sampling path, ultimately leading
to a deviation from the object removal direction. An intu-
itive solution is to alter the current attention layers for path
calibration to mitigate the above risk of generating unex-
pected objects due to deviations from specific states.

Based on our observations, we believe that the gener-
ation of the foreground region should rely more on back-
grounds rather than focusing on itself. Additionally, the
background region remains visible and thus should not be
affected by the content of the foregrounds. By altering the
self-attention activation, it is possible to ignore the nega-
tive effects of artifacts while emphasizing the background,
thereby further enhancing the coherence and elimination of
the generated content. Thus, we propose a simple yet ef-
fective Self-Rectifying Attention mechanism to replace the
standard self-attention mechanism. Specifically, we first
downsample and flatten the image mask M to obtain the
corresponding mask vector m ∈ {0, 1}wh. We then design
an extended mask m′ ∈ {−inf, 1}wh×wh as follows

m′
i,j =

{
1, mi = 0 or mj = 0

−inf, else
(10)

The extended mask is subsequently applied directly to the
corresponding attention activations, effectively suppressing

objects within the masked regions while enhancing back-
ground features. This is represented mathematically as

SRA(Q,K,V) = Softmax

(
QK⊤
√
d
·m′

)
V. (11)

This mechanism enhances the model’s capacity to perceive
background information without any additional computa-
tional cost, while also effectively diminishing the inter-
ference of artifacts on the final generated results. Conse-
quently, this improvement ensures that the sampling process
can calibrate itself to the target direction of object removal.

5. Experiments

5.1. Experimental Setup

Benchmark Datasets. We conducted a thorough evalua-
tion of our proposed pipeline utilizing the publicly avail-
able OpenImages V5 segmentation dataset [18]. Each in-
stance within this dataset comprises the original image, a
corresponding segmentation mask, segmentation bounding
boxes, and associated class labels, thereby enabling a rig-
orous comparative analysis against several baseline mod-
els. For our experiments, we randomly selected a subset of
10,000 samples from the OpenImages V5 test set.
Comparison Baselines. We have chosen several cutting-
edge image inpainting methods as our baselines for com-
parison. These include two mask-guided approaches: SD2-
Inpaint [27] and LaMa [33], alongside two text-guided tech-
niques: Inst-Inpaint [45] and PowerPaint [52].
Evaluation Metrics. In accordance with LaMa [33], we
employ two primary evaluation metrics: Fréchet Inception
Distance (FID) [11] and Learned Perceptual Image Patch
Similarity (LPIPS) [47]. These metrics are adept at assess-
ing the overall visual coherence of the inpainted images. To
provide a more nuanced evaluation of the quality of content
generated within the masked regions, we introduce the Lo-
cal FID metric [39], which allows for a detailed assessment
of local visual fidelity. Furthermore, we augment our eval-
uation framework by incorporating analyses derived from
GPT-4o [24] along with expert human annotations, thereby
examining the effectiveness of these erasure-targeted mod-
els in eliminating objects and artifacts.
Training Details. Our proposed pipeline builds upon the
foundations established by SD2-Inpaint and is implemented
using PyTorch along with the Diffusers library. During the
training phase, we employed the Adam [16] optimizer with
a learning rate set to 3×10−6 on the OpenImages V5 train-
ing set. To simplify parameters, the increasing sequence
λ:T follows the same schedule as the sequence 1 − ᾱ:T .
For loss computation, we ensured that the time intervals be-
tween two timestamps did not exceed γm = 100. All ex-
periments were conducted on NVIDIA A100 GPUs.
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LaMaInst-InpaintPowerPaintSD2-Inpaint EraDiff (ours)Masked Input SD2-Inpaint*

Figure 3. Qualitative results of OpenImages V5 dataset compared among SD2-Inpaint [27], SD2-Inpaint with prompt guidance [27],
PowerPaint [52], Inst-Inpaint [45], LaMa [33], and our approach.

Method FID↓ LPIPS↓ Local FID↓
SD2-Inpaint 3.805 0.301 8.852
SD2-Inpaint∗† 4.019 0.308 7.194
PowerPaint 6.027 0.289 10.021
Inst-Inpaint 11.423 0.410 43.472
LaMa 7.533 0.219 6.091
EraDiff (ours) 6.540 0.192 3.799

Table 1. Quantitative assessment of various erase inpainting mod-
els on the OpenImages V5 dataset. Optimal results are highlighted
in bold, with runner-up performance underlined.

5.2. Qualitative and Quantitative Comparisons

The quantitative evaluation results of our proposed method,
in comparison to several established models, are summa-
rized in Table 1. Additionally, we present the experimental
findings when the prompt is used as supplementary guid-

ance for SD2-Inpaint (abbreviated as SD2-Inpaint*, consis-
tent throughout the paper). As indicated in the table, our
model is in the mid-range of all baseline models in terms of
the FID score, yet it significantly surpasses the others in the
Local FID metric. This observation highlighting its remark-
able ability to generate visually coherent results specifically
within the designated erased regions, all the while maintain-
ing a commendable level of visual coherence throughout the
entire image. Additionally, our method records the highest
performance on the LPIPS metric, suggesting that the im-
ages produced exhibit enhanced visual fidelity following the
removal process. Figure 3 illustrates relevant visualization
results, clearly demonstrating the model’s robustness in ad-
dressing challenges such as the presence of objects within
the image that closely resemble the target erasure region, as
well as extensive areas that necessitate removal.

It is essential to highlight that both the FID and LPIPS
metrics primarily evaluate the visual coherence and aes-
thetic quality of the final generated images. However, these
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Method Superior Comparable Inferior

SD2-Inpaint 1.03% 18.07% 80.90%
SD2-Inpaint∗ 2.20% 24.79% 73.01%
LaMa 13.17% 35.29% 51.54%

Table 2. Quantitative results of OpenImages V5 dataset among
SD2-Inpaint, SD2-Inpaint∗, LaMa, and EraDiff. This table delin-
eates a comparative analysis of the elimination performance re-
sults obtained by these methodologies relative to ours, highlight-
ing whether their outcomes are superior, comparable, or inferior
to those achieved by our approach.
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SD2-Inpaint SD2-Inpaint* LaMa EraDiff (ours)

Figure 4. Results from the user study. EraDiff demonstrates en-
hanced performance, as indicated by its higher mean scores in both
elimination and coherence evaluations.

metrics do not provide a direct assessment of the effec-
tiveness regarding object or artifact elimination in the de-
noising process. This limitation is clearly illustrated in
Figure 3, which demonstrates that despite the SD2-Inpaint
model achieving the highest FID score among all evaluated
models, it frequently fails to adequately eliminate unwanted
objects or artifacts from the designated masked areas.

To evaluate the effectiveness of the baseline models
and our proposed method in eliminating objects and arti-
facts, we systematically selected the top-performing mod-
els: SD2-Inpaint, SD2-Inpaint*, and LaMa, as indicated in
Table 1. A comparative analysis was performed through
pairwise comparisons against our method, utilizing GPT-4o
to generate objective evaluations focused on identifying su-
perior results among the competing models. The outcomes
of this analysis are described in Table 2. Furthermore, we
undertook a user study that involved 20 experts that was
tasked with appraising the effectiveness of the erasure and
the visual aesthetics of the generated results, using a scoring
system ranging from 1 to 10; where a score of 1 reflects poor
performance and a score of 10 indicates exceptional qual-
ity. The outcomes of this assessment are illustrated in Fig-

Figure 5. Visualization of EraDiff’s performance across a diverse
array of in-the-wild scenarios: animated imagery, e-commerce
content, oil paintings, and glasses-free 3D visuals.

ure 4. The results from both experimental methodologies
distinctly demonstrate that our proposed approach signifi-
cantly outperforms the competitors in effectively eliminat-
ing target objects. This conclusion is further corroborated
by the finding that, despite the lower FID score recorded for
SD2-Inpaint, its efficacy in object removal does not surpass
that of our innovative model.

Furthermore, we find that EraDiff shows superior per-
formance across a diverse array of in-the-wild scenarios, as
illustrated in Figure 5. A more detailed analysis of this will
be provided in the appendix.

5.3. Ablation Study

To evaluate the impact of calibrating the sampling pathway
on the performance of erase inpainting, we conducted four
extensive experiments: each focusing on the removal of
CRO, SRA, and the simultaneous exclusion of both CRO
and SRA, all based on the EraDiff model. Furthermore, we
assessed the model’s performance without the incorporation
of the mix-up strategy during training, wherein the value
of λt was held constant. For our evaluation, we employed
the GPT-4o to quantify the success rate of object elimina-
tion. Results are detailed in Table 3. The results indicate
that the removal of either the CRO or SRA components,
as well as their simultaneous exclusion, leads to a substan-
tial deterioration in both the visual coherence of the erased
images and the efficacy of object elimination. Particularly
noteworthy is the fact that the omission of CRO results in
a more pronounced decline in overall performance. Addi-
tionally, the absence of the mix-up strategy produced con-
siderable fluctuations in training loss and impeded model
convergence. The instability observed can be attributed to
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Method Local FID↓ GPT score↑
EraDiff 3.799 83.43%
-w/o CRO 5.713 72.96%
-w/o SRA 4.950 78.54%
-w/o CRO ∪ SRA 8.852 27.80%
-w/o mix-up NaN NaN

Table 3. Results of the ablation study highlight the individual and
combined effects of CRO and SRA methodologies.

Masked Input + CRO + SRA CRO & SRABaseline

Figure 6. Visual examples for the ablation study comparing base-
line, baseline with CRO, baseline with SRA, and baseline with
both CRO and SRA, displayed left to right.

the limited noise present at earlier time steps, which com-
plicates the model’s ability to accurately predict the entirety
of the masked region as noise. Figure 6 presents the visual
outcomes of these ablation experiments, clearly illustrating
the effectiveness of the calibration sampling pathway in en-
hancing the erasure task. In this regard, SRA serves a cor-
rective function, effectively addressing specific anomalous
denoising artifacts.

5.4. How the CRO and SRA work?
To further elucidate the roles of the CRO and SRA method-
ologies in the denoising process of erase inpainting, we es-
tablished two types of extended experimental setups.

To investigate the mechanism underlying CRO, we es-
tablished an extremely challenging condition by setting the
denoising strength to 0.6. This configuration allows for sig-
nificant leakage of original image information, including
the target objects intended for removal. This leakage can
lead to considerable disruptions, resulting in artifacts within
the erased regions and potentially even the restoration of
the erasure-targeted objects. As illustrated in Figure 7, we
observed the denoising processes of the EraDiff alongside
the baseline model (i.e., SD2-Inpaint) under this condition.
Notably, as the denoising process progressed, the EraDiff
model effectively concealed the object artifacts in the erased
region, whereas the baseline model highlighted it. These ex-
perimental findings provide further validation of our earlier
discussion in Section 4, asserting that EraDiff accomplishes
the erasure task by traversing a sample pathway that closely

Masked Input Output

Er
aD

if
f

Denoising Process

Ba
se

lin
e

Figure 7. Comparison of EraDiff’s and baseline model’s denoising
process with strength set to 0.6.
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Figure 8. Visualization of heatmaps representing attention block
outputs in the presence and absence of the SRA mechanism.
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To reveal the mechanism of the SRA approach, we exam-
ined a misleading scenario where multiple similar objects
exist within an image, necessitating the removal of one spe-
cific object. The heatmaps generated before and after the
attention block for both the EraDiff and the baseline model
are presented in Figure 8. The results indicate that the base-
line model tends to focus on similar objects, while our pro-
posed method shifts its attention to the background. This
strategic focus allows the model to extract critical informa-
tion from the background rather than from the foreground,
thereby facilitating the elimination of the target object while
maintaining coherence between the erased region and the
surrounding background.

6. Conclusion

In this paper, we present the EraDiff, which enhances object
elimination while maintaining visual coherence in erase in-
painting. By introducing a CRO paradigm, EraDiff estab-
lishes innovative diffusion pathways that facilitate a grad-
ual removal of objects, allowing the model to better under-
stand the erasure intent. Moreover, the SRA mechanism
effectively reduces artifacts during the sampling process.
With inclusive experiments, we demonstrate that these ad-
vancements significantly improve performance in challeng-
ing scenarios, positioning EraDiff as a valuable contribution
to the field of erase inpainting.
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