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Abstract

Recent diffusion models have demonstrated
remarkable capabilities in text-to-image gen-
eration. However, their stochastic denoising
process often causes semantic image editing
(SIE) models to misapply textual instructions.
That is, models often leave the source object
unchanged or erroneously alter the back-
ground. We refer to this challenge as source
object grounding. To address this challenge,
we introduce R-SIE, a region-wise SIE frame-
work. During the inference, R-SIE models
noise separately for distinct image regions,
enabling precise control over the transformed
areas. To reinforce the inference, we devise
an automatic pipeline leveraging bounding
boxes to generate unambiguous training data.
Additionally, we propose two region-focused
metrics, CLIP-Region Class (CLIP-RC) and
CLIP-Global Context (CLIP-GC), to indepen-
dently assess how well the source object is
edited and the background is preserved, re-
spectively. Experimental results demonstrate
that region-wise diffusion improves existing
baselines, and our data generation pipeline
further enhances these improvements.1

1 Introduction

Recent large-scale diffusion models, such as Gem-
ini 2.0 (DeepMind, 2025) and Grok 3 (xAI,
2025), have demonstrated remarkable capabili-
ties in text-to-image generation. These models are
trained to reconstruct clean images by denois-
ing corrupted latent representations. To generate
images aligned with user intent, diffusion mod-
els interpret user guidance provided in textual or
visual form (Rombach et al., 2022).

In practical scenarios involving real pho-
tographs, there is a growing demand for precise,
region-specific image editing, commonly referred

∗Corresponding author.
1Codes and data are available in https://github

.com/ldilab/R-SIE.git.

to as Semantic Image Editing (SIE). Given an
input image and a textual instruction, the goal
of SIE is to transform a specific object region
(i.e., the source object) while preserving the sur-
rounding scene (i.e., the background; Oh et al.,
2001). For example, in Figure 1, SIE modifies
only the central cake into a donut. In the latent
space, this transformation manifests as a localized
difference between the input and output image
representations (Souza et al., 2025), necessitat-
ing the diffusion model to capture region-specific
latent variations.

We contend that a core challenge in SIE is
accurately grounding the provided guidance to
the corresponding image region, a problem we
term source object grounding (Zhang et al., 2024).
A major obstacle to effective grounding is the
noisy latent’s influence on determining which
regions to modify (Wang et al., 2024). This la-
tent guides the transformation process, encoding
whether the diffusion model should prioritize con-
sistency with the input image or adherence to the
textual instruction.

Existing approaches typically address this by
either (i) inpainting, which constrains edits to
user-provided masks (Rombach et al., 2022), or
(ii) noise-based techniques (Meng et al., 2022;
Song et al., 2020), which encode the input im-
age into a single noisy latent. As illustrated in
Figure 2a, both strategies rely on a unified la-
tent representation for the entire image, which
fails to capture region-specific latent variation.
Consequently, the diffusion model often applies
unintended modifications across the image, such
as altering background elements (e.g., the left
elephant in Figure 2a). These methods, however,
often lack a precise mechanism to restrict changes
exclusively to the source object. Inpainting, while
avoiding edits outside the mask, frequently fails
to meaningfully update the target region (Grechka
et al., 2024).
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Figure 1: Example images edited by R-SIE. The source
object (red) is successfully transformed into the target
object (blue) without change in the background.

To overcome this, we propose a Region-wise
Diffusion Process (RwDP) that explicitly reflects
region-specific latent differences. Unlike prior
methods, RwDP employs two distinct latents: (1)
one representing the input image (background)
and (2) another initialized with random noise for
the source object, as shown in Figure 2b. By disen-
tangling the latents per region, RwDP enables each
part of the image to follow its respective guidance.
During denoising, the background is reconstructed
based on the original image latent, while the source
object is generated using instruction-driven noise.

To support RwDP, we design an automatic
data generation pipeline using bounding-box an-
notations as shown in Figure 3. This pipeline
constructs triplets consisting of (1) an input image
X , (2) a ground-truth (GT) output X ′, and (3) an
instruction I . The resulting triplets are unambigu-
ous: The instruction uniquely specifies the source
object, and the output image reflects only the in-
tended edit. Bounding boxes facilitate this process
by (a) isolating the source object to preserve the
background and (b) helping a language model gen-
erate instructions that describe the source object’s
relative location.

Finally, we address limitations in evaluat-
ing SIE, which considers entire images at once
(Brooks et al., 2023; Gal et al., 2022; Ruiz
et al., 2023). As such, these methods often
overlook the specific regions where edits were
intended. As a result, unintended background
changes can misleadingly boost existing evalu-
ation metrics. We address this by introducing two
metrics: the CLIP-Region Class (CLIP-RC) score
for the source object, and the CLIP-Global Con-
text (CLIP-GC) score for the background. Each
metric isolates the corresponding region. This pe-
nalizes unintended edits and yields a more precise
measure of source object grounding.

We propose R-SIE, a region-wise SIE frame-
work that addresses training, inference, and
evaluation. Our main contributions are threefold:
1) the Region-wise Diffusion Process (RwDP),
which employs separate diffusion processes to
condition each region on its respective guidance;
2) an automated data generation pipeline that crops
and modifies the source object, specifically de-
signed to train and reinforce the RwDP; and 3) two
region-based evaluation metrics, CLIP-RC and
CLIP-GC, which offer a more accurate assessment
of source object grounding.

2 Related Work

2.1 Controlling Diffusion for SIE

A central challenge in SIE is modifying the source
object while preserving the background. Previ-
ous studies have constrained diffusion models to
preserve the input image context for SIE. A com-
mon strategy is inpainting, where mask guidance
is given to restrict the modifications within the
source object (Rombach et al., 2022). To preserve
the background, early works copy-paste pixel val-
ues from the input image (Nichol et al., 2022)
or constrain the diffusion process with the gra-
dient of a CLIP score (Andonian et al., 2021;
Avrahami et al., 2022) or repeated noise-denoise
cycles (Lugmayr et al., 2022). These inpainting
methods rely critically on the mask and can fail
to apply edits if the mask or noise initialization
is not well aligned (Grechka et al., 2024). Other
methods focus on the noisy latents. For instance,
SDEdit (Meng et al., 2022) adds Gaussian noise
to the input image, while DDIM inversion (Song
et al., 2020) approximately reverses the backward
diffusion process of the input image. Then, DDIM
inversion is paired with the inpainting (Couairon
et al., 2022) or integrated with textual information
(Mokady et al., 2023). A complementary line of
work bypasses the source object grounding by
introducing a post-hoc filtering scheme. When
the SIE model is uncertain, it generates multiple
candidate outputs and lets the user choose the
preferred one (Shinagawa et al., 2020).

In line with other noise-based approaches, we
aim to find a noisy latent that promotes a more
effective SIE. Our key distinction is that 1) we
strictly reconstruct the background by avoiding the
inherent randomness of DDIM, and 2) we condi-
tion the source object to textual guidance, thereby
promoting modification of the source objects.
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Figure 2: Comparison of inpainting models and the RwDP (Ours).

Figure 3: Training data generation process of R-SIE.

2.2 Training Data Generation for SIE

A recurring challenge in SIE is creating train-
ing data that pinpoints the source object while
preserving the background (Hertz et al., 2023;
Bar-Tal et al., 2022; Meng et al., 2022). Early
works describing only the final image (e.g., ‘‘two
elephants and a truck’’) introduce ambiguity about
the source object (Hertz et al., 2023; Meng et al.,
2022), while more recent methods adopt explicit
instructions, e.g., ‘‘replace the elephant with a
truck’’ (Brooks et al., 2023; Zhang et al., 2024; Liu
et al., 2024). Building instruction-tuning data of-
ten involves automatic pipelines–combining large
language models (LLMs) and text-to-image gen-
eration (Brooks et al., 2023). These pipelines risk
mismatches between the instructions and the GT
output images when attempting to scale up data
generation (Zhang et al., 2024), whereas manual
annotation is precise yet limited (Wang et al.,
2023b). The semi-automatic approaches using in-
painting (Zhang et al., 2024; Liu et al., 2024) have

emerged, partially reducing manual effort yet still
relying on carefully prepared guidance or masks.

In line with semi-automatic approaches, we
leverage bounding-box annotations to build
large-scale triplets of (X, I,X ′) where bound-
ing boxes explicitly indicate the source objects.
To generate GT output Image X ′, we separate the
background from the modification and edit only
the source object. In the instruction, we specify the
relative position, e.g., ‘‘the rightmost elephant’’,
ensuring clarity in complex scenes.

3 Preliminary

3.1 Problem Definition

SIE aims to replace a specific object in an image
with another object, guided by textual instruction,
while preserving the rest of the scene. Formally,
given an input image X containing n objects
O = {oi}ni=1, each with a bounding box bi and
category ci, the objective is to produce an edited
image X ′ where:

• A source object osource (with bounding box
bsource and category csource) is replaced by a
target object otarget.

• The location remains the same, i.e., bsource =
btarget.

• The category changes, i.e., ctarget �= csource.

• The other parts of the image, e.g., all other
objects in O, remain unchanged.

An instruction I specifies which object to modify
and how, e.g., ‘‘Replace the rightmost elephant
with the truck.’’ The main challenge is to en-
sure that only the specified object is transformed
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(the source object) and that the rest of the scene
remains consistent.

3.2 Diffusion Model for SIE

We now formally define how the diffusion models
perform SIE and how randomness is involved in
the diffusion process. Briefly, during the training,
the GT output image X ′ is corrupted with noise
via the forward diffusion process. The resulting
noisy latent is progressively denoised using the
diffusion model ε̃(t, zt, I,X) to generate the GT
output image. The diffusion models are trained to
estimate the noise introduced during the forward
diffusion process. In inference, the noisy latent is
sampled differently to compensate for the absence
of the GT output image.

Forward Diffusion (Noise Addition) The goal
of the forward diffusion process is to progressively
corrupt the GT output image X ′. Specifically,
the forward diffusion process begins with noisy
latent for the 0-th step, z0, which is the latent
representation of the GT output image obtained by
using an encoder E of a variational auto-encoder
(VAE):

z0 = E(X ′). (1)

Gaussian noise εt ∼ N (0, 1) is then added at each
time-step t (1 ≤ t ≤ T , where T denotes the final
diffusion step) by the forward scheduler γf :

zt+1 = γf (t, zt, εt), (2)

so that zT approximates the pure Gaussian random
noise.

Backward Diffusion (Denoising) The goal of
the backward diffusion process is to reconstruct
the z0 from zT using the prediction of the diffusion
model ε̃(t, zt, I,X). For such goal, given the time
step t and its corresponding noisy latent zt, the
backward diffusion scheduler γb uses the noise
ε̃(t, zt, I,X) predicted by the diffusion model to
compute a less noisy latent zt−1:

zt−1 = γb
(
t, zt, ε̃(t, zt, I,X)

)
. (3)

Because the forward and backward schedulers
use different time step schedules (Guo et al.,
2025), re-using forward noise in the backward
pass can distort the reconstruction, which harms
the preservation of the background.

Training Objective During training, the diffu-
sion models are optimized to predict the noise
added in the t-th step of the forward diffusion
process given the noisy latent zt as follows:

L = EE(X ′), E(X), T,
ε∼N (0,1), t

[
‖ε− ε̃(t, zt, I,X)‖22

]
. (4)

As the diffusion models are given latent represen-
tation zt during the training, they are trained to be
sensitive to the initial noisy latent zT (Wang et al.,
2024).

Inference for Editing At test time, X ′ is un-
known. Hence, the conventional diffusion process
uses the Gaussian random noise as the initial noisy
latent zT ∼ N (0, 1) and applies the backward dif-
fusion repeatedly to generate a latent close to z0.
The VAE decoderD then produces the final edited
image X ′. While sensitive to the initial noisy la-
tent zT , randomly sampling it frequently results in
mismatches between the regions and the guidance.

4 Proposed: Regional SIE
Framework (R-SIE)

We propose R-SIE, which applies a region-wise
diffusion process (RwDP) at inference—confin-
ing each region to the correct guidance—and
a region-wise data generation pipeline that re-
inforces a diffusion model specifically for this
region-wise approach. This section outlines our
framework, detailing how it improves source
object grounding.

4.1 Region-wise Diffusion Process (RwDP)
We now describe the RwDP, illustrated in Figure
2b, whose goal is to condition each region on its
correct guidance. Unlike conventional SIE meth-
ods, which rely on a single diffusion process,
RwDP conducts two distinct diffusion processes
for each region. These two processes restrict the
background to the input image and the source
object to the instruction. Below, we detail how
we implement forward and backward region-wise
diffusion for each region.

Forward Diffusion Process Because diffusion
models are sensitive to the initial noisy latent zT ,
the RwDP for the forward diffusion process aims
to sample an initial zT such that the background
is conditioned to the input image X and the
source object to the instruction I . In contrast
to the previous works, which sample a single
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noisy latent zT for the entire image, the RwDP
constructs two latents: i) a reconstruction latent
zreconst that encodes the input image, and ii) a
generation latent zgen sampled independently from
X , thereby letting the diffusion model condition
on I , as depicted in Figure 2b.

To encode the input image X , we apply the
conventional forward diffusion process to the re-
construction latent zreconst. Specifically, we encode
X into a latent zreconst,0 = E(X), then progres-
sively add noise εreconst ∼ N (0, 1) (Rombach
et al., 2022):

zreconst, t+1 = γf (t, zreconst, t, εreconst), (5)

from time t = 0 to t = T . Thus, zreconst,T remains
close to the input image, capturing its global ap-
pearance and thereby constraining the background
to X during backward diffusion process.

The goal of the generation latent zgen,T is to
ensure the diffusion model conditions on I . To this
end, we sample zgen,T ∼ N (0, 1) independently
of X , making it free from any encoding of X .
Because zgen,T is sampled independently of X ,
the diffusion model can deviate from the input
image and follow instruction I .

Finally, we align each region with the correct
guidance by merging zreconst,T and zgen,T according
to a binary mask msource, where msource = 1 for
pixels belonging to the source object andmsource =
0 for background:

zT = (1−msource) · zreconst,T + msource · zgen,T .
(6)

This ensures that the background is guided by the
input image while the source object is guided by
the instruction, forming the initial noisy latent zT
for the entire image.

Backward Diffusion Process In the backward
diffusion process, the RwDP denoises zT by
estimating noise ε̃ for each region’s correct guid-
ance. As in the forward phase, we define two
types of noise: i) the reconstruction noise ε̃reconst

that reconstructs X for the reconstruction latent,
and ii) generation noise ε̃gen that enforces the
instruction I .

To condition the background on X , we reuse
the noise εreconst from forward diffusion instead of
using the model’s prediction. Because εreconst is
derived solely from X and independent of I , its
use during the backward diffusion process aims
to faithfully reconstruct the input image.

However, forward and backward processes in-
volve different time schedules, causing distortions
if we directly reuse εreconst. To remedy this, we in-
troduce a single scale parameter α that rescales
εreconst during backward diffusion. At inference
time, α is optimized once for each test image
so the backward diffusion process can accurately
reconstruct X . To optimize α for each test im-
age, a preliminary backward diffusion process is
performed to reconstruct the input image X . This
process utilizes the identical scheduler and number
of denoising steps as the main image generation
process, applying α · εreconst in Eq. 2. α is then
optimized to minimize the L2 distance between
this preliminary reconstruction’s latent represen-
tation ẑ0(α) and the input image’s original latent
zreconst,0 = E(X):

α∗ = argmin
α

‖ zreconst,0 − ẑ0(α)‖2, (7)

Once we find the optimal α∗, we proceed with
the backward diffusion process for SIE using the
reconstruction noise ε̃reconst = α∗ · εreconst. Note
that we do not use α during training and optimize
α at inference. As the diffusion network is not
involved, the additional latency remains modest.

For the source object, we let the diffusion model
predict generation noise ε̃gen(t, zt, I,X), which
captures the user instruction. We compute this
via classifier-free guidance (Brooks et al., 2023),
drawing noise predictions under null or partial
guidance, e.g., ε̃(t, zt, I, ∅) , ε̃(t, zt, ∅, X) , or
ε̃(t, zt, ∅, ∅) , and combining them for high-quality
edits. At each step t, the RwDP estimates the final
noise ε̃RwDP by merging the reconstruction noise
and the generation noise weighted by the mask
msource:

ε̃RwDP (t, zt, I,X) = msource · ε̃gen (8)
+ (1−msource) · ε̃reconst.

(9)

Thus, each region’s noise follows its proper guid-
ance. This arrangement discards any unintended
background modifications by applying ε̃reconst

where msource = 0. Conversely, ε̃gen acts only on
the source object. Finally, the backward scheduler
γb subtracts ε̃(t, zt, I,X) to produce zt−1, iterating
until the model yields an output image where the
background reconstructs X and the source object
is edited per I .
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4.2 Region-wise Train Data Generation

We propose a region-wise train data generation
procedure, illustrated in Figure 3, whose goal is
to train a diffusion model to reliably estimate the
generation noise ε̃gen for the source object under
complex visual contexts. Specifically, given an
input image X , we aim to automatically generate
i) a GT output image X ′ in which only the source
object osource is changed, and ii) an instruction I
that unambiguously identifies the source object.
To achieve this, we use bounding-box annotations
to restrict modifications to the source object and
to include its relative position in the instruction I ,
e.g., ‘‘the leftmost giraffe.’’

Ground Truth Output Images (X ′) Given an
input image X , the GT output image X ′ should
resemble the background of X , while replacing
only the source object osource with a target ob-
ject otarget. Following prior work (Zhang et al.,
2024), we adopt an inpainting model to ensure the
background remains unaltered. However, directly
supplying the entire complex scene to the inpaint-
ing model often fails to ground the source object,
leading to either unchanged source objects or re-
quiring exhaustive annotations. This hinders the
diffusion model’s ability to condition the source
object on the instruction.

To address this, region-wise train data gener-
ation simplifies and isolates the input image’s
context, making it easier for the inpainting model
to focus on editing the source object. Specifically,
we crop the source object region rsource with a
small margin around its bounding box bsource, as
shown in Figure 3. We then feed rsource, along with
a mask msource and a textual prompt specifying the
target object category ctarget, into an inpainting
model Inpaint. Formally:

rtarget = Inpaint(rsource, msource, ctarget). (10)

As rsource provides a simplified context, the in-
painting model is more inclined to replace osource

with otarget without extensive annotation effort.
Additionally, the small margin around the bound-
ing box bsource ensures that the generated target
object region rtarget remains coherent with the
background.

Next, we verify that the inpainting model has
produced the intended target object within the
specified region. We run a CLIP zero-shot clas-
sifier on the generated target object region rtarget,

checking if the predicted class is the target object
class ctarget. If this check succeeds, we merge the
generated target object region rtarget back into the
input imageX , thereby replacing the source object
region rsource and yielding the GT output image
X ′. This process ensures that only the source ob-
ject is modified, while the background remains
unchanged.

Instruction I with Relative Position Given X
and the GT output X ′, the instruction I should
uniquely identify the source object osource. Previ-
ous methods typically refer to the source object as
its object class, e.g., ‘‘Change the giraffe,’’ which
becomes ambiguous in complex scenes with mul-
tiple objects of the same category. This ambiguity
compounds the stochasticity of diffusion models.

To mitigate this, we incorporate the source ob-
ject’s relative position into I , using bounding-box
annotations to pinpoint the correct object. Con-
cretely, we feed the bounding boxes bsource and
others into an LLM. It compares bsource along both
horizontal and vertical directions to determine
where it most deviates from other objects, then
returns a phrase that captures this relative posi-
tion, e.g., ‘‘the rightmost cat,’’ or ‘‘the top-left
lamp.’’ By specifying the source object’s loca-
tion in the instruction, we remove ambiguity and
ensure the diffusion model can more accurately
ground the source object, even in complex vi-
sual contexts.

4.3 Evaluation: CLIP-RC and
CLIP-GC Metrics

Proper evaluation of SIE must separate intended
edits on the source object from unintended changes
in the background. Existing SIE metrics, such as
CLIP- or DINO-based image similarity scores,
compare entire images without separating the
source object from the background (Brooks et al.,
2023; Gal et al., 2022; Ruiz et al., 2023). As a re-
sult, they can yield misleading scores if unintended
alterations occur outside the source object. To ad-
dress this, we propose CLIP-RC and CLIP-GC,
two metrics that separately measure modifications
to the source object and preservation of the back-
ground. By isolating each region, any unintended
edits are penalized accordingly.

CLIP-RC: Source Object Evaluation The
CLIP-RC score assesses whether the source ob-
ject has been correctly transformed into the target
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object. Specifically, we feed only the target object
region rtarget to the CLIP model, thus excluding the
background from the evaluation. To do this, we
crop out rtarget from the output image X ′ based on
its bounding box btarget, then use a CLIP zero-shot
classifier to measure the cosine similarity between
this cropped region and the textual representation
of the target category. As only rtarget is considered,
any unintended changes in the background do not
affect CLIP-RC. Hence, only correct replacements
of the source object increase the CLIP-RC score.
A higher CLIP-RC indicates more accurate object
replacement.

CLIP-GC: Background Evaluation The
CLIP-GC score measures how well the back-
ground is preserved, ignoring any modifications
to the source object. Concretely, we remove
the target object region from both the output
image and the input image, then feed only these
background regions to the CLIP model. We
extract CLIP embeddings from both backgrounds
and compute their cosine similarity to produce
the CLIP-GC score. Because CLIP-GC focuses
solely on the background, any unintended edits
there will reduce its similarity and penalize
the metric. Consequently, a higher CLIP-GC
indicates the background remains faithful to the
original image.

5 Experiments

We evaluate the R-SIE framework against mul-
tiple baselines for SIE. Below, we detail the
baselines, our dataset construction and validation,
and our implementation details.

5.1 Baselines

We compare R-SIE with three representative ap-
proaches. InstructEdit (Wang et al., 2023a) is a
pipeline that combines a vision-language model,
an LLM, and a segmentation model to enhance
DiffEdit (Couairon et al., 2022), an inpainting
model paired with DDIM. By leveraging a seg-
mentation model, InstructEdit improves the source
object grounding more precisely than DiffEdit.
IP2P constructs a large-scale dataset by generat-
ing synthetic triplets with Prompt2Prompt (Hertz
et al., 2023) and an LLM. Stable Diffusion v1.5 is
then fine-tuned on these synthetic pairs, yielding
an SIE model. MagicBrush (Zhang et al., 2024)
finetunes IP2P with a smaller, semi-automatic SIE

train dataset. Although it uses fewer training sam-
ples overall, its human-verified annotations aim
to improve source object grounding and reduce
unintended modifications.

5.2 Dataset Generation & Validation

Train Set Generation We build upon
MS COCO bounding-box annotations (Lin et al.,
2014) to create large-scale triplets for training in
two scenarios: i) a simple setting with exactly
one instance of the source object category, and
ii) a complex setting with multiple instances of
the source object category. We exclude bounding
boxes smaller than 10% of the image’s width or
height or overlapping with other objects by more
than 50%. After filtering, we obtain 25k valid
candidates for the complex setting and 18k for
the simple setting. Next, we use Stable Diffusion
2 Inpainting (Rombach et al., 2022) to generate
GT output images for ‘replace’ operations. For
‘delete’ operations, we use LaMa (Suvorov et al.,
2021) to generate GT output images where the
source object. Following previous works (Bala
et al., 2024; Lee et al., 2023), we formulate
‘create’ operations by reversing the input and
GT output of the ‘delete’ operation. That is, the
input image for the ‘delete’ operation becomes
the GT output image for the ‘create’ operation
and vice versa.

Textual instructions are generated via Chat-
GPT4 (Achiam et al., 2023). This process yields
67k training triplets for the complex scenarios
and 47k for the simple scenarios, from which we
reserve 2.5k and 2.3k, respectively, as the vali-
dation set.

Test Set Validation For the test set, we use
MS COCO images not included in the training
set. We apply the same inpainting-based pipeline
to generate GT images and instructions, but then
manually verify each sample to ensure: i) the
source object is indeed transformed into the tar-
get object, ii) the background remains visually
identical to the input image, and iii) the boundary
between the new object and the original back-
ground is smooth and coherent. We also discard
any samples whose generated instructions contain
incorrect source object categories, operations, or
relative positions. Only those passing all checks
are further filtered to balance the source object
category distribution, yielding 516 triplets in the
complex setting and 400 in the simple setting.
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5.3 Implementation Details

For a fair comparison with baselines, we fol-
low IP2P in training R-SIE. Specifically, we
fine-tune Stable Diffusion 1.5 on our training
set for 10k gradient steps, using a batch size of
1,024 and AdamW at a 5e-5 learning rate. These
hyperparameters align with IP2P’s setup but are
scaled for our larger dataset. During inference,
we maintain the same hyperparameters for all
baselines and R-SIE: we sample 100 denoising
steps, set the text-guidance scale to 7.5, and keep
the image-guidance scale at 1.2 for classifier-free
guidance.

At test time, we additionally optimize α that
rescales the reused reconstruction noise. We set
α = 1 initially, making ε̃reconst = εreconst at the
start. The preliminary diffusion pass, performed
to optimize α, uses 100 denoising steps, the same
number employed in the main diffusion process to
generate the output image. We then update α for
100 gradient steps. The optimization process en-
gages only the scheduler, not the diffusion model.
As a result, the added latency is modest and well
within practical limits.

6 Results

We now present our experimental results,
addressing the following research questions:

RQ1: Are the proposed evaluation metrics
properly localized to only the intended change?

RQ2: Is the source object grounding in the
complex scenes improved in the inference?

RQ3: Does the generated training data yield
further improvements in the source object
grounding?

RQ4: Does the source object grounding quali-
tatively improve SIE?

RQ5: Are the proposed methods generalizable
to other datasets?

6.1 RQ1: Validity of CLIP-RC and
CLIP-GC Score

To evaluate how effectively current metrics (CLIP
and DINO-based image similarity) and CLIP-RC
and CLIP-GC capture SIE quality, we present two
output samples in Figure 4. Each sample has been
labeled by human annotators as either a ‘‘success’’
or ‘‘fail,’’ and we show the corresponding metric

Figure 4: Example images evaluated by an expert
human annotator as success or failure, alongside their
corresponding metric scores (CLIP Image Sim, DINO
Image Sim, CLIP-RC, CLIP-GC). We highlight the
source object in red, while erroneous modifications are
shown in orange.

scores alongside the images. In Figure 4(a), the
success output accurately transforms the leftmost
couch (the source object) into a sports ball while
preserving the rest of the scene. By contrast, the
fail output leaves the source object unchanged
and instead edits a couch on the right, which is
from the identical category but not the source
object. Despite this clear error according to hu-
man judgment, CLIP Image Similarity assigns a
higher score to the fail case (82.04) than to the
success (78.77). DINO Image Similarity similarly
favors the fail image (79.26) over the success
image (79.24). These global similarity metrics
overlook the localized mistake because they treat
fine-grained edits as inconsequential. Meanwhile,
CLIP-RC drops sharply from 60.27 (success) to
1.10 (fail) because the intended source object re-
gion was not correctly modified into the target
object. Likewise, CLIP-GC penalizes the unin-
tended background modification by giving the fail
image a lower score (91.48) compared to 92.25
for the success image, echoing human evalua-
tions. Figure 4(b) exhibits the same pattern: CLIP
and DINO Image Similarity assign a higher score
to the fail output than to the success, whereas
CLIP-RC and CLIP-GC correctly recognize the
better-edited image.

To confirm these qualitative observations quan-
titatively, we sampled 100 edited images from
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Metric Kendall’s τ

CLIP Directional
0.23

Similarity

CLIP-RC score 0.45

(a) Kendall’s τ of CLIP directional similarity score and
CLIP-RC score measuring modifying the source object.

Metric Kendall’s τ

CLIP Image
0.25

Similarity

CLIP-GC Score 0.30

(b) Kendall’s τ of CLIP Image similarity score
and CLIP-GC score measuring preserving the background.

Table 1: Comparison of Kendall’s τ for existing
metrics and CLIP-RC and CLIP-GC score.

R-SIE, InstructEdit, and IP2P, then asked human
annotators to label i) whether the source object
was correctly modified, and ii) whether the back-
ground was preserved. Each image thus received
a ‘‘success’’ or ‘‘fail’’ label under each crite-
rion. We then computed Kendall’s τ between
these binary labels and each metric, as shown in
Tables 1a and 1b. For the source object mod-
ification in Table 1a, CLIP-RC achieves a τ
of 0.45 versus 0.23 for CLIP Directional Sim-
ilarity, indicating closer alignment with human
assessments of whether the source object was
correctly replaced. For background preservation
in Table 1b, CLIP-GC outperforms CLIP Image
Similarity in correlating with human judgments.
Overall, these results confirm that CLIP-RC and
CLIP-GC provide more reliable, region-focused
evaluations than existing metrics that assess the
entire image without distinguishing the source
object from the background.

6.2 RQ2: Effect of RwDP

We next investigate whether controlling the back-
ground and source object separately at inference
alone improves source object grounding. We com-
pare two baselines, IP2P and Magicbrush, in their
conventional and RwDP. We also include In-
structEdit, which leverages a user-provided mask,
and provides it with GT mask guidance for fair
comparison.

Table 2 illustrates that the CLIP-GC score con-
sistently rises when IP2P or Magicbrush adopts
the RwDP, suggesting better background preser-
vation. For instance, the RwDP improves the

CLIP-GC score in the replace operation of the
complex setting for IP2P from 87.80 to 92.70,
and Magicbrush from 90.90 to 92.58. Notably,
this background preservation competes or even
exceeds that of InstructEdit (+GT mask) across
many subtasks.

However, the CLIP-RC score shows different
trends. For IP2P, the RwDP raises the CLIP-GC
score but hurts the CLIP-RC score. For example,
IP2P’s CLIP-RC score of the replace operation in
the complex setting drops from 16.2 to 10.74. By
contrast, Magicbrush shows improvements in the
CLIP-RC score with the RwDP in most subtasks,
e.g., the replace operation in the complex setting
from 6.9 to 8.73, suggesting the RwDP improves
modifying the source objects. Overall, these find-
ings confirm that the RwDP effectively preserves
the background for both IP2P and Magicbrush,
yet improvements in modifying the source object
vary by model.

Furthermore, Table 2 shows that both DINO-I
and CLIP-I scores also increase when IP2P or
Magicbrush adopts the RwDP, suggesting more
coherent image generation overall. For example,
in the replace operation on the complex setting,
IP2P’s CLIP-I rises from 66.53 to 84.70 and
DINO-I jumps from 43.05 to 80.04, whereas Mag-
icbrush improves from 80.24 to 84.66 in CLIP-I
and from 68.44 to 80.07 in DINO-I. These gains
indicate that the RwDP generates an output image
as coherent as the GT output image.

Finally, we quantify additional latency from
introducing RwDP. The conventional diffusion
process averages 3.56 s per image over 100 sam-
ples. Inference with RwDP takes 8.20s per image,
which includes the search for the optimal α. Nev-
ertheless, RwDP remains faster than DiffEdit
(Couairon et al., 2022), the DDIM-inversion
inpainting method used in InstructEdit, which
averages 8.7 s.

6.3 RQ3: Effect of the Generated Train Data

We now examine whether the generated train data
further boosts source object grounding beyond the
RwDP alone. Table 2 compares R-SIE with IP2P
and Magicbrush, both under their conventional
and RwDP. When the conventional diffusion pro-
cess is applied for inference (rows with ‘‘-’’),
R-SIE already achieves higher CLIP-RC than
either IP2P or Magicbrush in most tasks. For
example, for the replace operation in the complex
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Diffusion
Inference

Replace Create Delete
Model RC GC DINO-I CLIP-I RC GC DINO-I CLIP-I RC↓ GC DINO-I CLIP-I

InstructEdit
– 1.03 91.89 83.27 87.45 4.19 92.63 84.22 89.97 31.01 91.91 88.52 90.94

+GT mask 1.96 91.97 83.23 87.45 7.96 92.63 83.8 89.57 24.39 91.99 87.72 90.61

IP2P
– 16.2 87.80 43.05 66.53 26.19 88.80 48.91 71.19 17.36 87.20 43.13 67.74

+RwDP 10.74 92.70 80.04 84.70 11.04 93.49 80.04 86.97 30.05 92.78 84.55 87.51

Magicbrush
– 6.90 90.90 68.44 80.24 15.06 91.86 70.76 83.08 22.33 91.02 74.49 84.21

+RwDP 8.73 92.58 80.07 84.66 16.39 93.44 80.01 87.05 24.00 92.07 84.52 87.49

R-SIE
– 19.12 88.73 54.12 72.46 29.84 93.03 78.32 86.43 17.40 91.31 73.88 83.73

+RwDP 26.46 92.51 80.85 84.93 28.09 93.38 81.13 87.61 15.94 92.72 85.78 88.08

(a) Combined results in the complex settings.

Diffusion
Inference

Replace Create Delete
Model RC GC DINO-I CLIP-I RC GC DINO-I CLIP-I RC GC DINO-I CLIP-I

InstructEdit
– 0.89 91.69 72.77 83.78 3.16 92.78 75.71 87.39 29.87 91.69 79.77 87.75

+GT mask 2.35 91.67 74.04 84.49 5.16 92.42 74.60 86.83 19.51 91.71 79.71 88.14

IP2P
– 14.95 87.91 41.87 65.58 25.44 89.39 46.67 71.20 20.08 88.09 42.67 66.72

+RwDP 10.37 92.73 72.19 81.72 15.24 93.59 72.60 84.82 26.94 92.81 79.69 85.76

Magicbrush
– 7.76 91.42 65.17 79.22 13.58 91.91 63.41 81.57 21.34 91.42 73.27 83.31

+RwDP 7.88 92.71 72.90 82.21 14.66 93.42 72.47 84.72 19.20 92.76 80.33 85.93

R-SIE
– 36.76 90.80 65.84 80.33 32.42 93.18 74.14 85.43 6.69 91.64 79.06 85.56

+RwDP 40.15 92.42 77.47 84.11 33.53 94.42 77.54 86.83 5.91 92.80 84.60 87.74

(b) Combined results in the simple settings.

Table 2: Combined results for the complex and simple tasks across different operations. RC: CLIP-RC
score, GC: CLIP-GC score, DINO-I: DINO model-based image similarity score, CLIP-I: CLIP
model-based image similarity score. Higher is better for all metrics; for those marked with ↓, lower is
better. Bold: best overall value, Underlined: second best value.

setting, R-SIE attains the CLIP-RC score of 19.12,
substantially above IP2P’s 16.20 or Magicbrush’s
6.90, reflecting more accurate modification.

However, R-SIE’s background preservation
(CLIP-GC) is only competitive with Magicbrush,
not dramatically higher. When the inference is
conducted with the RwDP (rows ‘‘+RwDP’’),
R-SIE gains a larger improvement in both the
CLIP-RC and -GC score compared to the smaller
improvements seen by IP2P or Magicbrush. For
instance, the CLIP-RC score of R-SIE on the
replace operation in the complex setting rises
from 19.12 to 26.46, compared to that of Mag-
icbrush from 6.90 to 8.73. Similarly, the CLIP-GC
score also improves from 88.73 to 92.51, showing
the similar background preservation of IP2P and
Magicbrush with the RwDP. Thus, the generated
training data further reinforces the RwDP.

Moreover, the DINO-based similarity (DINO-I)
in Table 2 indicates that R-SIE often achieves
comparable or even higher coherence scores than
the baselines. Notably, in the simple setting for
the create operation, R-SIE attains a DINO-I of
77.54, exceeding InstructEdit’s 75.71. This gap
suggests that, beyond accurately modifying the
source object, our approach also integrates it co-
herently with the GT output image. Such coher-
ence emerges even before applying RwDP (rows

Figure 5: Example images edited by R-SIE. Each
row shows a different operation–Replace (top), Delete
(middle), and Add (bottom). The source object (red) is
successfully transformed into the target object (blue)
without change in the background.

‘‘-’’), sometimes surpassing IP2P or MagicBrush,
and becomes more pronounced when combining
R-SIE’s training data with the RwDP. Thus, R-SIE
not only strengthens source object grounding but
also ensures that the edited regions blend smoothly
into the surrounding scene.

6.4 RQ4: Qualitative Study

We first present qualitative results for R-SIE on six
images with complex visual contexts in Figure 5.

1180



Figure 6: Qualitative comparison of R-SIE with the baselines on our test set. Source objects are in the red boxes
and the other objects of identical category are in the blue boxes. +RwDP means that the region-wise diffusion
process is used for inference.

Rows cover the three edit operations—Replace,
Delete, and Add—and the examples vary the rel-
ative positions (middle, middle-right, leftmost,
rightmost). Despite the complex visual contexts,
R-SIE edits only the boxed source object. It
successfully leaves the background unchanged.
This behavior holds across diverse object pairs,
e.g., cake to donut and motorcycle to broccoli.
These examples show that R-SIE grounds the
source object even in complex scenes.

We qualitatively compare R-SIE with base-
lines IP2P and Magicbrush in Figure 6. Each
sample demonstrates a different aspect of SIE:
preserving the background, accurately modifying
the source object, and handling complex instruc-
tions. In sample (a), both IP2P and Magicbrush
disrupt the background: IP2P brightens the en-
tire image, while Magicbrush distorts the cat into
an oversized vase. Similarly, in sample (b), both

methods remove every cat in the input image
instead of editing only the intended one. In sam-
ples (c) and (d), IP2P and Magicbrush alter every
bird or multiple teddy bears, respectively. These
results reveal difficulty in source object grounding
under a complex visual context. When enhanced
by the RwDP, IP2P or Magicbrush can more re-
liably edit the source object while preserving the
background.

Finally, samples (e) and (f) illustrate another
failure mode. Even with RwDP, IP2P or Mag-
icbrush sometimes fail to apply noticeable edits
despite successfully preserving the background.
For instance, IP2P makes no change at all, while
Magicbrush adds the target object much smaller
than the source object region, making it barely rec-
ognizable. By contrast, R-SIE accurately applies
the modification with a size similar to the source
object and keeps the background untouched.

1181



Model CLIP-I DINO L1↓ L2↓
HIVE 0.8519 0.7500 0.1092 0.0341

IP2P 0.8524 0.7428 0.1122 0.0371

R-SIE 0.8705 0.7691 0.1051 0.0420

+RwDP 0.9192 0.8807 0.0678 0.0197

Table 3: Results on Magicbrush test sets. +RwDP
means that the region-wise diffusion process is
used for inference. Higher values are better for all
metrics except those marked with ↓, where lower
values are better.

We attribute this superior performance to the
synergy between our RwDP and the generated
training data, which further refines source object
grounding and localizes edits exclusively to the
intended region.

6.5 RQ5: Generalization of R-SIE
To evaluate how well our approach generalizes
across datasets, we test R-SIE on the Magic-
Brush test set in a zero-shot manner. We compare
it against two other models–HIVE and IP2P–
likewise evaluated zero-shot. As Table 3 shows,
we report CLIP-I and DINO scores, as well as L1
and L2 distances. Note that HIVE and IP2P can
be finetuned on MagicBrush data to achieve an
even higher score, e.g., CLIP-I score with 0.9332,
but we exclude those finetuned models from our
main discussion here since we aim to show the
generalization of R-SIE.

From Table 3, we see that R-SIE surpasses or
matches HIVE and IP2P on key metrics. For in-
stance, R-SIE zero-shot yields a CLIP-I of 0.8705,
above IP2P’s 0.8524 or HIVE’s 0.8519. Simi-
lar trends are observed in other metrics. These
findings indicate that R-SIE shows robust perfor-
mance even in a zero-shot scenario, competing
well against existing methods. When we conduct
inference with the RwDP, performance further
improves. CLIP-I rises to 0.9192 from 0.8705,
and L2 drops to 0.0197 from 0.0420, reflect-
ing enhanced background preservation and source
object transformation.

These results demonstrate that R-SIE general-
izes effectively to the MagicBrush test set without
any additional finetuning, outperforming the other
zero-shot baselines on multiple metrics. More-
over, inference with the RwDP yields further gains

in both CLIP-I and distance measures, confirming
the effectiveness of the RwDP outside the dataset
on which it was originally tested.

7 Conclusion

We have presented R-SIE to address the issue
of precise source object grounding in semantic
image editing. By tailoring textual instructions
with bounding-box–based positions, our method
clarifies the otherwise ambiguous editing target in
images with multiple or visually similar objects.
During inference, the region-wise diffusion pro-
cess distinctly handles noise in the foreground and
background, enabling accurate object replacement
without disrupting the rest of the scene. Empirical
results confirm that R-SIE not only outperforms
inpainting-based and instruction-tuned models but
also maintains high fidelity for both the modified
object and the surrounding context. Lastly, our
proposed CLIP-RC and CLIP-GC metrics demon-
strate improved alignment with human judgments,
highlighting the importance of carefully isolating
intended edits from the overall scene. Future work
may explore broader classes of modifications and
more nuanced instructions, further extending the
adaptability of region-based SIE methodologies.
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8 Appendix

8.1 Limitations
While SIE encompasses diverse capabilities like
attribute editing or complex semantic manipu-
lations, this work focuses specifically on the fun-
damental challenge of source object grounding.
To rigorously evaluate source object modification
and background preservation, we concentrate our
experiments on three core operations: object
replacement, deletion, and addition.

These three operations are highly prevalent and
serve as fundamental benchmarks in recent SIE
evaluations (Huang et al., 2025; Ma et al., 2024).
Focusing on these widely used operations allows
a clear assessment of R-SIE framework’s primary
contribution regarding source object grounding.
Addressing other valuable SIE tasks, which often
involve different challenges beyond the spe-
cific object manipulation targeted by R-SIE’s
region-wise diffusion process, remains outside the
current scope and is left for future work.
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