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Abstract. This paper tackles the challenge of simultaneously manipu-
lating multiple objects in image editing—a scenario that extends beyond
the capabilities of existing methods focused on single-object manipula-
tion. Our approach SIMON efficiently handles complex rearrangements
such as object shuffling, achieving higher visual quality at both image and
region levels, while reducing inference time. To this end, we propose three
key modules: a content-aware attention mechanism for region-adaptive
focus, a multi-object energy guidance strategy for subtask-specific con-
sistency, and a latent initialization technique for artifact suppression.
Together, these components enhance visual coherence across inpainting,
object relocation, and background preservation subtasks. To evaluate our
framework, we curate 1,000 images from the 3D-FUTURE dataset, each
containing 2 to 5 target objects. For every object, we annotate a new
target location, ensuring that the resulting layouts are physically plausi-
ble and semantically meaningful. We conduct comparative experiments
against three state-of-the-art methods, using both image-level, region-
level, and instance-level metrics. Both quantitative results and human
analysis confirm that our framework delivers significant improvements
in both visual quality and computational efficiency. We further validate
our design through extensive ablation studies with diverse architectures
and applications. The code and annotated dataset are publicly avail-
able at https://github.com/yijichar/SIMON-SImultaneous-Multi-
Object-Navigation.
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1 Introduction

Image editing [6,29] has long been a central topic in computer vision. Depend-
ing on the nature of the task and constraints, a variety of approaches have been
explored, including GAN-based methods [7,15], NeRF-based techniques [2, 23],
and diffusion models [11,32]. In particular, fine-grained instance-level manipu-
lation [9,21,40] has attracted growing interest due to its broader applicability
compared to traditional image-level editing.
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Fig. 1: SIMON delivers greater efficiency (see chart) and superior visual quality over
existing methods. Visual comparisons are highlighted by the dashed bounding box.
Additionally, subfigures (a) and (b) illustrate the distribution of object movements in
our annotated dataset in terms of angles and L2 distances, respectively.

Though several methods—such as DragGAN [28] and StyleGAN-XL [35]—have
been proposed to address the aforementioned challenges, they are often con-
strained by the limited generative capacity of GANs [7]. Recently, diffusion
models—particularly DragonDiff [25] and DiffEditor [24]—have gained more at-
tention due to their impressive generalization capabilities, training-free manner,
and state-of-the-art performance on facial datasets [14]. Nevertheless, we find
that these methods struggle with multi-object manipulation, especially in scenes
featuring complex backgrounds or intricate spatial layouts (see Fig. 1).

In this paper, we aim to address the challenge of simultaneous multi-object
manipulation in image editing—a task that goes beyond the scope of existing
methods primarily designed for single-object scenarios. We propose SIMON, a
framework capable of handling complex rearrangements such as object shuf-
fling within diverse and cluttered backgrounds (see Fig. 1). SIMON delivers
superior visual quality at both the image and region levels, all while maintain-
ing inference times comparable to those of single-object approaches. To this
end, we decompose the overall task into three subtasks: inpainting, object re-
location, and background preservation. Based on this decomposition, we pro-
pose three novel modules—content-aware attention, multi-object energy guid-
ance, and latent initialization—each grounded in pre-defined task-specific masks.
The content-aware attention module selectively boosts attention weights within
instance-relevant regions using independent multiplicative scaling and additive
biasing to solve attention diffusion, thereby enhancing fine-grained visual consis-
tency and ensuring precise alignment between editing constraints and outputs.
The multi-object energy guidance module introduces a composite energy func-
tion comprising three subtask-specific terms, each enforcing similarity between
generated and original features within designated regions. This design enables
synchronized multi-object manipulation, leading to better practical efficiency,
and significantly improves overall editing quality. Lastly, the latent initialization
module reduces residual artifacts in inpainting regions by replacing the cached
latents with Gaussian noise sampled from a standard normal distribution, while
keeping the background latents unchanged during the early steps. This effectively
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removes inherited distortions and allows the diffusion model to fully leverage its
generative prior, yielding more coherent and visually natural reconstructions.
Rather than working on face datasets as existing work did [28], we turn to
3D-FUTURE [5], which is more layout-aware and human interpretable. We se-
lect 1000 images from its test set based on object count inside. And we annotate
the new location of each object in one image, ensuring that the new layout is
physically meaningful and reasonable. More details of our annotated images can
be found in Fig. 1. We evaluate our method on the annotated image dataset,
comparing it against three SOTA approaches: DragonDiff [25], DiffEditor [24],
and GeoDiffuser [34]. These methods were selected for their public availability,
strong performance, and to ensure a fair comparison. Our evaluation includes
both image-level, region-level, and instance-level comparisons using standard
metrics, including 4 for inpainting quality, 2 for object relocation accuracy, 2 for
background preservation, 1 for identity preservation, and 1 for overall quality.
Results clearly demonstrate the effectiveness and efficiency of SIMON for multi-
object manipulation. For example, SIMON outperforms the SOTA training-free
DiffEditor by 50.34%, 20.64%, and 26.87% across MSE, LPIPS, and FID, us-
ing only 30.3% of its runtime. Notably, SIMON surpasses MagicFixup [1] and
Insert [38]—trained on 5M images and 159K pairs, respectively—in both per-
ceptual quality and inference speed, without any training cost. In addition, we
conduct a human analysis involving 5 participants, each anonymously voting for
the image they find more natural and realistic. Again, SIMON is consistently
preferred in our user study. In all, our contribution can be summarized as follows:

— A novel framework designed for simultaneous fine-grained manipulation of
multiple objects in images with diverse backgrounds and complex layouts.

— Three novel modules enabling region-adaptive attention, subtask-specific
consistency enforcement, and effective artifact suppression.

— SOTA performances with reduced inference time across three subtasks, val-
idated by image-level, region-level, and instance-level metrics, along with
consistent preference in human evaluations.

2 Related Work

Instance-based image editing Instance-level image editing involves precise
control over individual objects in an image, supporting a range of manipula-
tions such as addition, removal, relocation, replacement, and resizing. One of
the key challenges in this area is accurately manipulating specific instances, par-
ticularly in complex scenes or when dealing with large spatial transformations.
Early approaches, such as [47], leveraged GAN-based models [7] to generate face
images with varying attributes (e.g., adding glasses), pushing beyond traditional
image-to-image style transfer [12|. Recent works like DragGAN [28] introduced
interactive, point-based editing in GAN latent space [7], allowing for smooth
object deformation. However, GANs often struggle with generalization in com-
plex or diverse scenes due to their limited expressiveness. With the emergence
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of more advanced generative models, diffusion models [11] have become a com-
pelling alternative. These models have shown strong capabilities in instance-
level editing by integrating multimodal guidance, such as textual prompts [26],
bounding boxes [46], or both [41], enabling more flexible and semantically aware
manipulations. Most existing works [4, 24, 25, 34, 42] have focused on editing a
single object. DragonDiffusion [25] and its successor DiffEditor [24] have suc-
cessively achieved state-of-the-art performance in terms of visual fidelity and
control accuracy on face benchmarks [14]. More recent work [34] further ad-
vances the paradigm by imposing constraints on attention maps to support both
2D and 3D editing in a training-free manner. However, their generalization and
efficiency in handling multi-object manipulations, especially under complex re-
arrangements and in diverse scene contexts, remain largely unexplored. Though
MagicFixup [1] attempts to tackle multi-instance editing, it relies on extensive
training on large-scale datasets, incurring significant computational overhead
and limiting its practical flexibility. SceneDiffusion [31] aims to address complex
layouts by introducing a layered representation for compositional layout rea-
soning, it remains evaluated under single-object settings and incurs substantial
memory and computation overhead due to the need to denoise multiple layouts
simultaneously. Similar limitation is observed in [42], as the sequence-to-sequence
video diffusion model faces difficulties in handling non-coplanar and multi-object
interactions, and incurs significant computational overhead. In this work, we in-
troduce a training-free framework for multi-instance image editing that enables
manipulation of multiple objects with strong consistency and coherence. Ex-
periments on a complex indoor dataset demonstrate superior performances over
state-of-the-art approaches in both editing quality and runtime efficiency.

Diffusion models and external conditions In diffusion models [11], data
generation is formulated as a reverse process that reconstructs real data by learn-
ing to reverse a predefined forward process, which gradually corrupts data into
pure Gaussian noise. This process typically unfolds over a sequence of T  steps and
is often formulated as a Markov chain, where each step ¢ € {0, ..., T} produces a
noisy sample x;, with xg being the original image and xp approaching standard
Gaussian noise. The key objective during sampling is to estimate the score func-
tion Vy, log p(x:)—the gradient of the log-probability density—which is used to
generate x;_1 by guiding x; toward regions of higher data density. Typically, U-
Net [11] is involved in this sampling process by taking a noisy latent vector and
predicting the noise that needs to be removed. When incorporating external con-
ditions ¢, methods like DreamBooth [33], GLIGEN [19], and ControlNet [43] offer
diverse solutions for personalization, task-specific control, and general-purpose
conditioning. In contrast, conditional diffusion models [3] provide a training-
free way to steer the sampling trajectory based on c. This results in a modi-
fied gradient of the form Vi, logp(x: | ¢) « Vi, logp(x:) + Vx, logp(c | x¢),
where the second term encodes guidance from c to better align the generation
process with the desired context. To effectively model the second term, energy
function E(x¢,c) is thereby introduced [3]. A suitable energy function should
satisfy: Vx, logp(c | x¢) o —Vx, E(x¢,c). Therefore, conditioning on ¢ during
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sampling is equivalent to adding the negative gradient of the energy function to
the original score estimate. The sampling update under energy-based guidance
is formulated as x;—1 = X; — nVx, E(x¢, c), where X; is the standard denoised
estimate at timestep ¢, and 7 is a guidance strength hyperparameter. This frame-
work offers a unified and modular approach for conditioning diffusion models,
enabling a variety of downstream applications—including classifier guidance [g],
free-form inpainting [22], feature-level similarity constraints [13], and complex
attribute manipulation [25]—without requiring retraining of the underlying dif-
fusion model. In our work, we propose a multi-object energy guidance mechanism
that integrates three subtask-specific terms to enforce feature-level similarity be-
tween the generated and original content within designated regions—all without
requiring any training.

3 Owur Framework: SIMON

When manipulating multiple objects in an image, three key subtasks must be
addressed. First, the vacant regions left by the relocated target objects should
be naturally inpainted to match the surrounding context. Second, the appear-
ance of the target objects should be faithfully preserved at their new locations.
Lastly, the rest of the image should remain unchanged to ensure overall visual
consistency. As foundational components, we leverage DDIM inversion [37] and
the key-value (KV) replacement strategy [36] to cache intermediate latents and
features, enabling fine-grained manipulation during subsequent guidance. To ad-
dress the aforementioned subtasks, we propose SIMON, a unified framework that
incorporates a content-aware attention mechanism into the self-attention layers.
This design simultaneously enhances background inpainting, object relocation,
and context preservation (Sec. 4.3). In addition, SIMON exploits the cached
features to enable gradient-based multi-object guidance, steering the generation
process toward the desired editing objectives (Sec. 3.1). To further ensure that
no latent information from the original image contaminates the inpainting pro-
cess, SIMON integrates a latent initialization technique (Sec. 3.2). Importantly,
all components in SIMON are plug-and-play and can be seamlessly integrated
into existing diffusion-based generative models without the need for fine-tuning
or retraining. See Fig. 2 for an overview!.

Let the original image be denoted as xg. We define the set of target objects
as {0, }N_,, where each object o, is annotated by a bounding box, and N is
the total number of objects. These bounding boxes can be converted into binary
masks using off-the-shelf tools [17]; we denote the binary mask for the n-th object
as m,. For each object, we also specify a desired new location, defined by its

2D coordinates ¢, = [cZ,c¥]. Assuming the object scale remains unchanged?,

! The pipeline is shown with a U-Net backbone for clarity, but SIMON is applicable to
architectures whose latent/token grids preserve approximate spatial correspondence.
Examples are shown in Appendix.

2 SIMON also supports scale variation if such information is provided during reloca-
tion. Examples are shown in our experiments.
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Fig. 2: Given an input image x¢, along with the targeted objects and their desired lo-
cations annotated using bounding boxes and arrows, DDIM inversion is first applied to
obtain the latent zr and corresponding step-wise cached features. Our SIMON frame-
work then employs Latent Initialization (LI) to mitigate the negative influence of zr in
the inpainting regions, while leveraging contextual information from the surrounding
areas during early denoising steps to achieve natural and effective inpainting. Content-
aware Attention (CA), along with the cached features, is integrated at each denoising
step to selectively enhance task-relevant regions without disturbing the surrounding
context. Combined with our Multi-Object Energy Guidance (EG), SIMON produces
seamless and coherent results with significantly improved runtime efficiency compared
to existing methods.

we compute the translated mask at the desired location as m, (See Fig. 3).
Our goal is to generate a new image where multiple objects are relocated to
their designated positions, while ensuring visually plausible inpainting of vacated
regions, faithful appearance preservation of the objects, and no alteration to the
untouched areas.

Preliminary. As demonstrated in [3, 16], DDIM inversion [37] offers a strong
generative prior that helps preserve consistency with the original image. Building
on this, we utilize DDIM inversion to map the original image xg into a Gaussian
latent z; within the latent space of the pre-trained diffusion model [18,32]. Dur-
ing this inversion process, we also cache intermediate features at each timestep,
including the key and value tensors from the attention layers—denoted as K
and V" —as well as the latent variables z™. These are stored in a memory
bank and later used to guide various stages of the editing process >. Specifically,
these saved keys and values are reused during the attention computation in the
generation process, as typical KV replacement [36] suggested:

£

A gen’Kori —_
t( t t ) \/g

(1)

Att( %en,Kfri,Vfri) = softmax (A( tgen,l(tori))‘/tori (2)
where Q¥ is the query produced by diffusion layer.
3 Note that SIMON supports the use of external reference images for appearance

replacement by incorporating them into the DDIM inversion procedure. Examples
are shown in Appendix.
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:

Fig. 3: Visualization of masks used in editing.

Although the techniques introduced in the preliminary section provide a
strong starting point, they often suffer from fine-grained inconsistencies, pri-
marily due to their inability to selectively focus on task-relevant regions during
different subtasks. This attention dispersion issue intensifies in complex multi-
object scenarios where multiple visually similar objects co-occur. We refer the
readers to our ablations in Sec. 4.3 for more vivid examples.

Motivated by this observation, we propose a content-aware attention mecha-
nism integrated into the attention layers of our diffusion backbone. This mech-
anism selectively enhances attention weights toward instance-level relevant re-
gions, thereby improving the visual consistency of the generated output—particularly
in scenarios where only a subset of the image is edited.

Specifically, we first introduce the revised version of Eq. 1 where multiplica-
tive scaling and additive biasing are included. Mathematically, we define:

Flr, 8, AQEF™ KP™) = v - A(QF" K7™ +6 (3)

where v > 1 amplifies the relative importance of selected query-key pairs, and
0 > 0 introduces a bias term to directly increase the attention weight for target
regions. These two designs are complementary: multiplicative scaling maintains
the original attention structure and is well-suited for scenarios with strong at-
tention contrast, whereas additive biasing provides a more direct and linear
enhancement, making it particularly effective when the initial attention weights
are weak or diffuse.

We then extend Eq. 3 to a context-aware formulation. Specifically, we identify
three distinct contextual regions based on the aforementioned subtasks (See
Fig. 3). First, we define the mask of untouched background region as mb® =

C (Uﬁ;l m, U ﬁln), where ((-) is the complement with respect to the full image

domain. Next, we define the inpainting region for the n-th object as miP' =
m,, \ngl m,, representing the part of the original object location that does not
overlap with any of the relocated targets. Lastly, we denote mfff as the reference
region that provides contextual guidance for inpainting following the relocation
of n-th object. In practice, this region can be obtained from background segments
identified by an off-the-shelf segmentation tool. Our final formulation is then

defined as:



8 Y. Zhu et al.

f('yl)(slaAt( %enaKz)ri))7 if Q%en S l'i’ln/\K?ri cm,,
Ax (e, Koy = S0 02 AQE KPT)), I QT € myt A K € mref,
e S (s, 8, A(QE™ K7™)), if QF € mPs A KT € mbs,
A (QF", KM, otherwise.

(4)
where the conditions hold for all n € {1,..., N}.

After applying the proposed modifications, we update the attention out-
put in Eq. 2 by replacing A;(Q$", KP™) with the context-enhanced attention
A (QF°", K, followed by the KV replacement step. This context-aware atten-
tion mechanism explicitly guides SIMON to concentrate on important regions,
thereby enhancing the fidelity and consistency of the generated results—particularly
in scenarios that require precise alignment between the editing constraints and
the visual output.

3.1 Multi-object Energy Guidance

Starting from z, which is the Gaussian latent obtained via DDIM inversion, the
standard denoising processes in diffusion models will approximately reconstruct
the original image xq if no external modifications are introduced. Incorporating
gradient guidance derived from an energy function aligned with an editing ob-
jective has proven effective for steering the generation path toward its desired
outcome [3]. However, existing energy functions are predominantly designed for
single-object manipulation [24, 25], leaving the challenge of handling multiple
objects largely unaddressed. A straightforward extension—sequentially apply-
ing single-object energy functions to each target object—may seem plausible,
but it suffers from significant drawbacks such as error accumulation and limited
capacity to handle complex edits, e.g., object shuffling (See Fig. 1).

To address this, we introduce a composite energy function E in SIMON for si-
multaneous multi-object navigation. Specifically, it comprises of three terms—Ejp,
E.clo, and Epg—which correspond to the subtasks of inpainting, object relocal-
ization, and background preservation. Each term is designed to enforce visual
consistency within its designated region. Inspired by [25], we define a similarity
function g(a,b) to quantify the visual consistency between inputs a and b. This
function serves as the foundation for constructing all energy terms, each of which
is formulated based on appropriate pairs of inputs evaluated through g.

The objective of inpainting is to reconstruct the regions vacated by object
relocation using reference appearance cues. Motivated by this, we define the
inpainting energy term E;; as:

N

1
E; = E - - 5
v a+ B - g(FE [miP], Ferijmeet]) ®)

n=1

where a and 3 are hyper-parameters. F£" denotes the feature extracted from the

activations in generated latent z§®", which is produced by the UNet denoiser at
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time step ¢. Similarly, F*! is extracted from the cached latent z™'. The notation
F£°"[m!P'] indicates the subset of F£*" features within the inpainting mask m!P*.

Similarly, we define the remaining two terms as:

N 1

Bucto = D, o o (™ ] Fo ]

n=1

(6)

1
o+ ﬂ . g(then [mbg], Ftori [mbg]) (7>

Clearly, both terms are designed to reflect the intuition that the generated fea-
tures should closely resemble the original features within their corresponding
regions—whether transferring from individual m,, to m,,, or remaining within
the background region mPs.

To further enhance spatial disentanglement, we apply a spatially-aware weighted
combination of the three energy terms, where each term is selectively enforced
within its designated region:

Ey, =

E = m" - wpEpg + (1 — m"8) - (w,Epelo + Eipt) (8)

where w;, and w, are hyperparameters that control the relative importance of
each energy term. This region-specific application prevents interference between
unrelated areas and encourages localized consistency in the generation process.
By updating according to z1 = 2§ — 1V s E, we effectively steer the genera-
tion process toward achieving our ultimate goal of complex multi-object manip-
ulation. Again, our design simultaneously constrains the positional relationships
among all objects, enabling synchronized multi-object editing and substantially

enhancing editing quality.

3.2 Latents Initialization

Although Ei; is designed to enforce visual consistency with the reference mask
m'*f we still observe residual artifacts from the original image in the inpainting
regions, as in Fig. 1. These issues become more pronounced in the presence of
complex backgrounds, subtle object boundaries, or imprecise reference masks,
resulting in visible artifacts or incomplete replacements in the generated image.
To address this, we propose a simple yet effective strategy: explicitly eliminating
the influence of cached latents within the masked inpainting regions. Specifically,
after DDIM inversion to obtain zr, we overwrite the region specified by the
inpainting mask miP' with Gaussian noise sampled from a standard normal
distribution, or z7[miP*] ~ A(0,1). Then we reuse the cached latent z™ from
the DDIM inversion trajectory to replace the background region mP® during the
first k denoising steps. Mathematicall, we have z&" [mP®] = zo" [mP#],if ¢ < k.
This design ensures that no latent traces from the original image remain in
the masked regions, effectively eliminating structural remnants and harnessing

the generative prior for content reconstruction. This prior is further reinforced
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Table 1: Quantitative results on multi-object navigation. Noticeably, SIMON consis-
tently outperforms training-free baselines and shows superior perceptual quality and
identity fidelity even compared to the training-based counterparts such as MagicFixup,
while maintaining much higher inference efficiency.

Method Background Consistency Navigation Consistency Identity Fidelity Image Quality

MSE x103) LPIPS x10-1] MSE x103] LPIPS x10-1]} DINO?T FID |
Training-based methods
MagicFixup 0.340 1.422 1.337 4.925 0.772 21.964
Insert+LaMA  0.216 1.523 2.723 7.661 0.867 30.238
Training-free methods
DragonDiff 0.539 2.163 1.906 5.543 0.836 30.977
DiffEditor 0.384 1.856 1.721 5.305 0.849 30.193
GeoDiffuser 0.649 2.353 2.237 7.120 0.797 30.633
Ours 0.209 0.969 1.649 4.531 0.869 22.826

by the background replacement strategy: by preserving structural background
information during the early denoising steps, SIMON gains stronger guidance
for reconstructing noisy regions, yielding more visually coherent outputs.

4 Experiments

In this section, we present a comprehensive overview of our experimental setup.
We then detail main results on multi-object manipulation, providing quantita-
tive metrics for each subtask. Finally, we include extensive ablation studies and
qualitative examples showcasing broader applications of ours. The limitations of
our method are discussed in the Appendix.

4.1 Experimental Setup

Datasets curation. We prepare a new benchmark from the 3D-FUTURE
dataset [5] by selecting test scenes containing between two and five furniture
items and manually annotating target positions for each object, resulting in
1000 images and a total of 3405 objects (see Fig. 1). Compared to datasets like
COCO [20], 3D-FUTURE offers more consistent object counts per image and
spatially coherent layouts that reflect realistic indoor arrangements. These prop-
erties make it particularly suitable for multi-object manipulation, reducing the
risk of generating physically implausible outcomes such as unnatural overlaps
or misaligned placements. All images in our benchmark are used exclusively for
testing. Hyperparameters are calibrated on a small disjoint calibration set, as
detailed in Appendix. Notably, our annotations ensure that the resulting layouts
are physically plausible and semantically meaningful. Additionally, we generate
text prompts based on object counts in each image using the format: “A photo
of a room with cnt; class_name,, cnty class_name,, ...”, where class names
are taken from the original 3D-FUTURE annotations. Further details are in the
Appendix.
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Fig. 4: Visual examples of both multi-object navigation (a) and single-object inpainting
(b). Target objects and regions of interest are highlighted in blue and red, respectively.
More examples in outdoor scenarios are provided in Appendix.

Existing methods. We evaluate SIMON against five SOTA baselines, cate-
gorized by their training requirements. Training-free methods include Drag-
onDiff [25], DiffEditor [24], and GeoDiffuser [34]; although designed for single-
object drag, we extend them to multi-object tasks via sequential editing. Training-
based methods comprise MagicFixup [1], which natively supports multi-instance
editing but necessitates massive pre-training on 5 million images. Specifically for
the multi-object navigation task, we introduce a composite two-stage pipeline
which simulates the movement effect by combining LaMa [39] for hole-filling
and Insert [38] for instance insertion. These baselines are selected to ensure a
comprehensive evaluation of editing quality and resource efficiency.

Evaluation metrics. We design two primary sets of experiments on our bench-
mark to quantitatively evaluate the three subtasks—inpainting, relocation, and
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Table 2: Results on inpainting subtask. A high-quality inpainting result should simul-
taneously exhibit high residual suppression (effective object removal) and low recon-
struction fidelity (high scene coherence). SIMON achieves the best balance between
these two competing objectives. “w/o LI” is the variant without latent initialization.

Method Residual Suppression Reconstruction Fidelity
MSE %1031 LPIPStT MSE x103] LPIPS])

Training-based methods

MagicFixup  4.737 1.182 2.940 1.231
Training-free methods

DragonDiff 3.431 1.173 2.668 0.761
DiffEditor 3.774 1.129 2.881 0.801
GeoDiffuser 9.488 1.847 6.524 1.514
Ours 6.106 1.435 1.964 0.670
w/o LI 3.319 0.996 3.155 0.991

background preservation—at instance, regional and image levels. The first set
focuses on multi-object navigation, where we evaluate performance using four
metrics groups: identity fidelity, navigation consistency, background consistency,
and image quality. Specifically, identity fidelity measures the preservation of
instance-level identities using DINOv2 [27]. Meanwhile, background and naviga-
tion consistency measure regional fidelity by assessing appearance similarity with
MSE and LPIPS [45]. Finally, we assess image quality using standard FID [10],
which measures visual realism of generated images®. Our second set of experi-
ments focuses on inpainting. For each original image in our benchmark, we select
suitable annotated objects and paste it to a new annotated location, forming
a modified image. Our goal of this task is to remove the inserted object and
restore the original. Here we introduce two complementary objectives for evalu-
ation based on the appearance similarity within the inpainting region: residual
suppression, which compares the generated image to the modified image, and
reconstruction fidelity, which compares it to the original image. Again, we use
MSE and LPIPS for both. More details on selection criteria, metric design, and
human analysis are in the Appendix.

Implementation details. To perform fair comparisons with existing methods,
we use SD v1.5 [32] as our generative backbone and perform 50-step denoising
using the DDIM sampler. In practice, we further extend SIMON to transformer-
based architectures, such as Flux [18] and we refer the readers to the Appendix
for visual examples.

* CLIPScore [30] is not included in our main paper as the original unedited im-
ages—arguably the best references—receive surprisingly low values, but we include
it in the Appendix for completeness
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Fig.5: Runtime efficiency w.r.t. various Fig. 6: With our CA mechanism, at-

number of target objects. tention distribution becomes more con-
centrated on given targets (outlined in
blue) rather than spreading out over all
subjects that are visually similar.

4.2 Main Result

Overall performance. SIMON consistently outperforms all training-free coun-
terparts and the optimized two-stage pipeline (159K pairs) across nearly all
metrics. Notably, SIMON achieves the highest DINOv2 score and superior back-
ground consistency, demonstrating its robust structural preservation. Remark-
ably, even compared to the computationally-heavy MagicFixup (pre-trained on
5M images), our training-free framework yields superior background consistency
and identity fidelity, bridging the gap between inference efficiency and high-end
generative quality, achieving a state-of-the-art balance without the need for any
costly optimization or large-scale data dependencies. For the inpainting task
in Tab. 2, SIMON again demonstrates its advantage by achieving an optimal
balance between residual suppression and reconstruction fidelity. While GeoD-
iffuser shows high residual suppression at the cost of severe distortion, SIMON
maintains the lowest reconstruction error while delivering nearly complete object
removal, significantly surpassing MagicFixup and others in overall coherence.

4.3 Content-aware Attention

We further provide qualitative comparisons in Fig. 4, where multi-object navi-
gation and single-object inpainting are shown on the left and right, respectively.
For the multi-object examples, we present four cases with an growing num-
ber of target objects from left to right. As expected, sequential methods such
as DragonDiff and DiffEditor often struggle with complex layout rearrange-
ments—particularly object shuffling—where early edits lead to overlaps that
disrupt subsequent steps (see first row in (a)). While Geodiffuser sometimes in-
troduces substantial inconsistencies and structural distortion. As the number
of manipulated objects increases, these methods exhibit more severe distortions
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Table 3: Ablation study on the effectiveness of two modules. “EG” and “CA” refer to
multi-object energy guidance and content-aware attention respectively.

Method Background Consistency Navigation Consistency Image Quality

MSE x103] LPIPS x10-1} MSE x103] LPIPS x10-1] FIDJ
Baseline 0.387 1.757 1.768 5.229 28.403
+EG 0.235 1.017 1.693 4.752 23.212
+EG+CA 0.246 1.008 1.658 4.525 22.786
Ours (Full) 0.209 0.969 1.649 4.531 22.826

and reduced global consistency (see fourth row in (a)). In contrast, our method
performs simultaneous navigation, avoiding sequential interference and main-
taining stronger structural integrity and visual coherence, even in challenging
scenes. For the inpainting task, existing methods often leave visible residuals or
introduce texture inconsistencies, especially when dealing with objects of com-
plex shapes or intricate backgrounds (see second row in (b)). In contrast, our
method effectively suppresses such artifacts and generates more natural, seman-
tically coherent results. Additional visual examples, such as single-object editing
scenarios, are provided in the Appendix.

Efficiency and human analysis. We further report the runtime efficiency of
all methods under fixed image resolution of 768 x 768 as the number of moved
objects increases in Fig. 5. Unsurprisingly, existing methods exhibit linear growth
in runtime due to stepwise object processing. In contrast, ours performs multi-
object navigation in a single forward process, leading to substantially lower and
more stable inference time. We refer the readers to the Appendix for all necessary
details about human analysis.

Ablation studies. To assess the effectiveness of each module, we conduct exten-
sive ablation studies and present the results in Tab.3 and Tab.2. The results in
the first table show that integrating Energy Guidance (EG) and Content-aware
Attention (CA) boosts all metrics in the multi-object navigation task, respec-
tively—highlighting the benefits of simultaneous editing and spatially adaptive
attention modulation. Interestingly, adding Latent Initialization (LI) (“Ours”)
yields improvements in background and navigation consistency but causes slight
drops in image quality, likely due to the injected noise slightly disrupting editing
precision. Nonetheless, the positive effect of LI is evident in Tab. 2, where remov-
ing it sharply degrades performance versus the full model (“Ours”). Details of
baselines and examples of each module are provided in the Appendix. Last, but
by no means least, as illustrated in Fig. 6, a naive model tends to distribute at-
tention uniformly across all zebra instances, thereby weakening instance-specific
consistency during object manipulation.

More applications. Although SIMON is primarily designed for multi-object
navigation, its versatility extends to a wide range of image editing tasks. We
showcase its applicability on multi-object appearance replacement, resizing, and
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Fig. 7: Visualization of different applications. From left to right: multi-object appear-
ance replacement, object resizing, and spatial shuffling. Our method demonstrates high
visual consistency and structural integrity even under complex editing requests.

shuffling, with visual results presented in Fig. 7. Implementation details and
more examples are available in the Appendix.

Limitations and future work While our method produces geometrically and
semantically plausible edits in a wide range of cases, it still struggles with faith-
fully modeling illumination and occlusion handling.

As for the former, since the editable region is localized by a binary mask,
illumination and cast shadows, which typically extend beyond the mask and
depend on global scene context, may appear locally plausible but globally incon-
sistent. As shown in the Appendix, the water surface fails to fully capture the
reflection of the target duck, revealing a mismatch with the surrounding envi-
ronment. We observe similar failure modes in other training-free methods such
as DragonDiffusion, DiffEditor, and GeoDiffuser, indicating that maintaining il-
lumination consistency remains an open challenge. Inspired by [44], we believe
incorporating physically-motivated lighting constraints into the energy term to
guide latent updates is a promising direction for future work.

5 Conclusion

We present a novel framework, SIMON, designed for simultaneous multi-object
navigation. Our approach integrates three key components: content-aware at-
tention, multi-object energy guidance, and latent initialization. Extensive ex-
periments on the 3D-FUTURE benchmark demonstrate that SIMON consis-
tently outperforms SOTA methods across inpainting, relocation, and background
preservation tasks, achieving superior performance on both regional and global
metrics, while offering significantly improved runtime efficiency and human fa-
vorable results.
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