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Abstract—Removing objects from natural images remains a
formidable challenge, often hindered by the inability to synthe-
size semantically appropriate content in the foreground while
preserving background integrity. Existing methods often rely on
fine-tuning, prompt engineering, or inference-time optimization,
yet still struggle to maintain texture consistency, produce rigid or
unnatural results, lack precise foreground-background disentan-
glement, and fail to flexibly handle multiple objects—ultimately
limiting their scalability and practical applicability. In this paper,
we propose a zero-shot object removal framework that operates
directly on pre-trained text-to-image diffusion models—requiring
no fine-tuning, no prompts, and no optimization. At the core
is our Pixel-wise Attention Dissolution, which performs fine-
grained, pixel-wise dissolution of object information by nulli-
fying the most correlated keys for each masked pixel. This
operation causes the object to vanish from the self-attention
flow, allowing the coherent background context to seamlessly
dominate the reconstruction. To complement this, we introduce
Localized Attentional Disentanglement Guidance, which steers
the denoising process toward latent manifolds that favor clean
object removal. Together, Pixel-wise Attention Dissolution and
Localized Attentional Disentanglement Guidance enable precise,
non-rigid, scalable, and prompt-free multi-object erasure in a
single pass. Experiments show our method outperforms state-
of-the-art methods even with fine-tuned and prompt-guided
baselines in both visual fidelity and semantic plausibility. The
project page is available at here.

Index Terms—Stable Diffusion, Multi-Object Removal, Zero-
Shot Algorithm, Attention

I. INTRODUCTION

Recent advances in diffusion models (DMs) [1]]-[12] have
revolutionized generative image modeling, enabling high-
quality image synthesis guided by textual prompts or other
conditions. These models have opened new opportunities
for semantic image editing [13]]-[19], particularly in object
removal—a longstanding and challenging task [20]-[23]] that
involves selectively erasing undesired regions from an image
and reconstructing the void with content that blends naturally
into the scene. This task goes beyond typical inpainting by re-
quiring both precise object elimination and faithful restoration
that aligns with the scene’s semantics and visual flow.

Traditional object removal techniques have mainly utilized
patch-based approaches [24]-[26] or Generative Adversarial
Networks (GANSs) [21], [27]-[30]]. Patch-based methods often
result in inconsistencies by filling in the masked areas with

patches from other parts of the image, which can lead to
unnatural blending with the surrounding regions. GANs, while
enhancing realism, still face challenges with artifact generation
and lack versatility in handling complex scenes.

More recent methods based on Latent Diffusion Models
(LDMs) [11] have significantly improved the realism of image
synthesis. However, when adapted to object removal, these
models often struggle to reliably eliminate target objects.
One such adaptation, Stable Diffusion Inpainting [[11]], extends
the base model by conditioning on a binary mask to enable
end-to-end inpainting. Despite its tailored design, the model
frequently produces incomplete removals or introduces un-
expected artifacts, even with considerable fine-tuning effort.
Moreover, they require extensive prompt engineering [31]]
or fully fine-tuning such large-scale models [11] is often
impractical in low-resource settings, limiting their accessi-
bility and scalability in broader research applications. Some
methods [22], [32] have been proposed zero-shot methods for
object removal, but they often struggle to handle multi-object
removal and lack precise control over the interaction between
foreground and background elements during the generation
process, ultimately leading to incomplete removals or notice-
able artifacts.

To address these challenges, we propose PANDORA, a
zero-shot object removal framework that operates directly on
pre-trained diffusion models in a single pass, without any
fine-tuning, prompt engineering, or inference-time optimiza-
tion, thus fully leveraging their latent generative capacity
for inpainting. Central to our approach are two synergistic
modules: Pixel-wise Attention Dissolution (PAD) and Local-
ized Attentional Disentanglement Guidance (LADG). Specifi-
cally, we first adopt the preservation adaptation module from
CPAM [32] to invert the input image into the latent noise space
and ensure that the background regions remain unaffected
during the object removal process, allowing targeted and
artifact-free editing. Then, we introduce Pixel-wise Attention
Dissolution to achieve fine-grained control within the self-
attention mechanism. PAD computes similarity scores between
each query and all key positions, and dissolves the top-k
most correlated keys through a percentile-based thresholding
strategy. This dissolution disconnects each masked query pixel
from its most correlated regions, effectively eliminating fore-
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Fig. 1: Our method enables prompt-free, fine-tuning-free object removal across various scenarios in a single forward.
Without requiring training or textual prompts, our approach handles diverse and challenging removal settings—from a single
object to multiple similar or distinct targets and even densely packed similar objects—while preserving background fidelity

and structural consistency.

ground dominance in the attention computation. As a result,
object information is dissolved, allowing the masked areas
to vanish and be naturally reconstructed with coherent back-
ground content in a precise, query-specific manner. Finally, we
incorporate Localized Attentional Disentanglement Guidance
to steer latent noise away from the object regions while pre-
serving other areas, thereby refining the denoising trajectory
in the latent space to effectively suppress residual artifacts and
produce smoother, cleaner results. While PAD dissolves object
information at the attention level, LADG complements it by
reshaping the denoising trajectory in latent space, ensuring
that masked regions are reconstructed coherently with their
surrounding context.

PANDORA’s full pipeline implemented on top of pre-
trained Stable Diffusion , achieves architecture-agnostic,
end-to-end object removal in a single pass. It excels in
complex and cluttered scenes, supports multi-object erasure,
and requires no prompts or training-time supervision. Our
contributions are summarized as follows:

o We propose PANDORA, a novel zero-shot object removal
framework that directly leverages pre-trained diffusion
models to remove objects in a single pass without fine-
tuning, prompt engineering, or inference-time optimiza-
tion.

e« We propose Pixel-wise Attention Dissolution (PAD),
which dissolves object information by disconnecting
masked query pixels from their most correlated keys in

self-attention, enabling fine-grained removal and recon-
struction with coherent background content.

o We present Localized Attentional Disentanglement Guid-
ance (LADG), which steers latent noise away from ob-
ject regions while preserving unaffected areas, refining
the denoising trajectory to remove residual artifacts and
produce cleaner outputs.

o Extensive experiments on a challenging benchmark
demonstrate that our method achieves state-of-the-art
zero-shot object removal performance, excelling in both
single- and multi-object scenarios.

II. RELATED WORK
A. Attention-Guided Zero-Shot Image Editing

To reduce the need for expensive training on large datasets,
tuning-free methods were proposed that leveraged frozen text-
to-image models such as Stable Diffusion [11]], enabling
zero-shot image editing [33]-[35]]. These approaches typically
exploited attention mechanisms to preserve image content,
such as structure or identity [I5], [16], [36]-[38]. Some meth-
ods modified self-attention [[16], [38], while others replaced
cross-attention maps to guide the edit [15]]. However, many
approaches assumed similarity between the source and target
prompts or objects [16]], [38], [39]. MasaCtrl enhanced
flexibility by preserving query features and replacing key/value
components using masks, but its simultaneous editing of both
foreground and background limited its controllability in tasks



that required preserving one region unchanged. Moreover,
most methods affected the whole image due to global cross-
attention conditioning, making local editing difficult. Some
approaches [[15]], [40]—[42] attempted localized blending in
the latent space but often ignored foreground-background
interaction, leading to rigid edits. Despite their success in
general editing, these methods remained underexplored for ob-
ject removal, especially in selectively erasing specific regions
without affecting the surrounding content, and often required
carefully crafted prompts to achieve satisfactory results.

B. Zero-Shot Object Removal

Zero-shot object removal methods generally operated by
suppressing information from masked foreground regions dur-
ing the diffusion process while compensating with back-
ground content to ensure visual plausibility. CPAM [32] pro-
vided flexible control over semantic preservation and fore-
ground-background interaction, enabling object removal by
suppressing masked regions and filling them with background
content. However, it still attended to object-correlated areas,
often leaving residual traces or failing to completely erase
the target object. To address this issue, Attentive Eraser [22]]
directly scaled down attention weights within the masked
region, thereby suppressing its semantic contribution during
image synthesis and improving removal quality. Nonetheless,
this approach applied a uniform downscaling to all query
pixels in the object region, even though each pixel should
have been treated differently based on its correlations. It also
required manual tuning of the suppression parameter, which
was highly sensitive—small values often failed to fully erase
the object, while large values produced unnatural or degraded
results.

To overcome these limitations, we propose Pixel-wise At-
tention Dissolution (PAD), a mask-guided modulation strategy
that preserves the internal consistency of self-attention. Instead
of globally scaling attention maps, PAD dissolves object
information by disconnecting each masked query pixel from
its most correlated keys. This pixel-level operation enables
independent and precise multi-object removal in a single pass,
while maintaining contextual harmony with the surrounding
content and producing more coherent results.

C. Fine-Tuning and Optimization-Based Inpainting Ap-
proaches

SuppressEOT [43] suppressed undesired concepts via text
embedding optimization but lacked spatial control, which
limited its applicability to region-specific tasks such as object
removal. Several works explored concept erasure through fine-
tuning [44], [45]], Inst-Inpaint [46] supported localized inpaint-
ing with text, but relied on paired training data and model
retraining, reducing its practicality. MagicRemover [47] pro-
posed a tuning-free inpainting method that optimizes text em-
beddings at inference time to remove unwanted objects given
a textual prompt specifying the removal target. MAT [30]
introduced a mask-aware transformer to handle large holes by

Algorithm 1: PANDORA’s algorithm: Zero-Shot Ob-
ject Removal

1 Inputs: A mask M, the intermediate latent noises z°, the
target initial latent noise map xr.
2 Output: Erased Image I;.
1) Fort=T7,7—-1,...,1do:
a) {_, K, Vi} €= eq(ai, 1)
b) {Q7 — —} ﬁ‘ ?9(1.15 t)
¢) self-attention < BPA( Q, K;, Vi, M)
d) self-attention < PAD( Q, K, Vi, M, topr)
e) € < eg(x¢,t, self-attention)
f) e+ LADG(e, €o(x},t), M, o)
g) x¢—1 < Sample(xy, €)
2) End For.

Return: VAE(zy).

learning spatial structure priors, but it required training from
scratch and lacked semantic controllability.

These approaches highlighted the potential of fine-tuning
and optimization for object removal but remained limited in
flexibility and efficiency. In contrast, PANDORA enabled zero-
shot, mask-aware, end-to-end multi-object removal in a single
pass, without any model fine-tuning, prompt engineering, or
inference-time optimization.

III. PRELIMINARIES OF DIFFUSION MODELS
A. Latent Inversion via DDIM

Given a pre-trained diffusion model, an input image xg
can be projected into its corresponding latent state x, which
can then be used for guided sampling. This process, known
as DDIM inversion [48]], reconstructs the noise trajectory
deterministically.

Assume a forward diffusion process:

q(xy | 1) = Nz /1 = Breq, i), (1)

with 3; denoting the noise schedule. The marginal distribution
becomes:

q(z¢ | mo) = N (24 Varwo, (1 — ap)I), ()

where a@; = Hizl(l — Bs)-
In the DDIM sampling process, the reverse step is:

Ty =1 -xo+ /1 — @1 — 0} -ep(xy, t) +0v- 2, (3)

where z ~ N (0,I) and o controls the stochasticity.

To invert an image, the process was run backwards from
t = 0 to T, estimating noise at each step using the trained
denoiser €y. This yielded a latent code xp from which the
original image x( could be reconstructed deterministically.

B. Guidance Mechanisms

To control the image generation process from x7, several
guidance mechanisms were introduced to steer the denoising
trajectory toward desired outcomes.
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Fig. 2: Overview of our proposed pipeline with an intuitive illustration of each module. The image is inverted into noise
with intermediate latents stored and injected into BPA and PAD to preserve background and dissolve objects, respectively.
Specifically, BPA restricts background queries to background regions, while PAD operates at the pixel level to constrain object
queries to unrelated regions. Finally, LADG steers denoising away from masked object regions for seamless synthesis.

a) Classifier Guidance: Proposed by Dhariwal and
Nichol [3]], classifier guidance modified the reverse process
using the gradient of a classifier p(y | x):

4)

where s was the guidance scale. This method required a
separately trained classifier.

b) Classifier-Free Guidance: Introduced by Ho and Sali-
mans [49], this technique avoided external classifiers by inter-
polating between unconditional and conditional predictions:

®)

where €g(z;y) and €p(x;) were predictions conditioned and
unconditioned on prompt y, respectively.

Various guidance methods [50]-[54] steered the sampling
process by subtracting the score of undesired distributions
and/or adding the score of desired ones, thereby shifting the
generation toward the targeted distribution. In the context of
object removal, guidance could also be applied to mask-aware
attention structures to eliminate target regions while preserving
the rest of the scene.

éo(x;y) = €o(ws) — 8- Vg, logp(y | ¢),

éo(xe;y) = (L+5) - eo(x;y) — 5 - €o(y),

C. Self-Attention

Within Stable Diffusion (SD) [11]], the attention mecha-
nism [55] of the denoising U-Net, which includes both self-
attention and cross-attention, is mathematically expressed as:

T
Attention(@, K, V) = Softmax (QK) V,
Vd

where () represented the query features projected from spatial
features, while K and V were the key and value features
projected from spatial features (in self-attention layers) or
textual embeddings (in cross-attention layers).

Prior studies [[16], [37], [38] showed that incorporating
self-attention features into U-Net layers supported semantic
consistency during image translation. CPAM further
demonstrated that self-attention inherently allowed each region
to establish flexible interactions, including self-referencing
and selective connections with others. This property enabled
smooth visual transitions and coherent global structures, even
when suppressing specific regions.



IV. PROPOSED METHOD
A. Overview

PANDORA performs zero-shot object removal directly on
a pre-trained diffusion model. Given an input image I, and
a binary mask M specifying the target objects, the model
produces an edited image I; where the masked regions are
erased and seamlessly reconstructed with contextually consis-
tent background. The process begins with latent inversion to
map the input image into the noise space while preserving
unaffected regions in the denoising process. We then apply
Pixel-wise Attention Dissolution (PAD) to disconnect masked
query pixels from their most correlated keys, effectively dis-
solving object information at the attention level. Next, Local-
ized Attentional Disentanglement Guidance (LADG) steers the
denoising trajectory in latent space away from the object re-
gions, refining the reconstruction to suppress residual artifacts.
Together, PAD and LADG enable precise, pixel-level control
for single- and multi-object removal in a single forward pass,
without any fine-tuning, prompt engineering, or inference-
time optimization. Figure [2] illustrates the overall pipeline and
algorithm is outlined in Algorithm

B. Background Preservation Adaptation (BPA)

To ensure that non-masked regions remain unaffected during
the object removal process, we adopt the preservation adap-
tation module from CPAM |[32] for background consistency.
Specifically, we first invert the input image I, into the latent
noise space using DDIM inversion [48]], which reconstructs
the noise trajectory deterministically. During this process, the
intermediate latent states x; are stored at each timestep ¢ to
preserve semantic information.

At a denoising step ¢, let (Q, K, V) denote the query, key,
and value features of the current noise in Unet’s self-attention,
to retain the background unchanged we get (K;,V;) the key
and value features extracted from the stored latent noise at
step ¢t while retaining the query feature (). The background
semantic content SC},, is obtained by applying mask-guided
attention:

SCbg :Att(QvKiaVvi;l_M)? (6)

where Att(-) denotes the attention mechanism and (1 — M)
ensures that only non-masked (background) areas contribute
to the attention computation.

This operation effectively transfers semantic content from
the original latent noise to the background region of the edited
image, thereby preserving structural and visual fidelity in areas
outside the object mask. As a result, the subsequent object
removal modules can focus exclusively on masked regions
without degrading the integrity of the surrounding scene.

C. Pixel-wise Attention Dissolution (PAD)

In contrast to background preservation, which reuses
(K;,V;) to retain non-masked content, Pixel-wise Attention
Dissolution (PAD) aims to erase object regions specified by

the mask M by dissolving their strongest semantic connec-
tions in self-attention. Given the query features () and stored
(K;,V;), the attention logits are first computed as:

QK
= T

where d is the feature dimension, and ¢,/ denote the de-
noising step and self-attention layer in the U-Net. To suppress
dominant associations, we apply percentile-based thresholding
over each query’s attention distribution and set the top-k
strongest connections to —oo:

St

)

if j € Top-k(Ay,li,:]) Vv j€ M,

Siili,j] otherwise,

$F%ﬂ{_w
(®)

where A;; = softmax(S;;) is the normalized attention map.
The dissolved self-attention output is then computed as:

B, = softmax(S{}*) - V;. )

Finally, to integrate PAD with background preservation, the

final output representation is obtained by blending object and
background content:

O, =B, ©® M +SC¥ © (1- M), (10)

where SC;gl denotes the background-preserved semantic con-
tent.

Through this pixel-wise dissolution and selective recombi-
nation, each masked query abandons its strongest semantic
ties, allowing the object region to vanish and be naturally
reconstructed from surrounding background context, while
ensuring global scene consistency.

D. Localized Attentional Disentanglement Guidance (LADG)

Diffusion models are score-based generators: their denoising
trajectory is guided by noise predictions that approximate the
gradient of the data distribution. Existing guidance strategies
such as classifier-based [3]] (requiring an auxiliary classifier)
or classifier-free [49|] (requiring training with conditional
vs. unconditional embedding) operate globally. In contrast,
our approach requires no auxiliary classifier or re-training
with conditional and unconditional embedding; instead, we
introduce Localized Attentional Disentanglement Guidance
(LADG), a spatially gated mechanism that pushes the latent
distribution away from the original (unconditioned) trajectory
only inside the object mask. Denote the unconditional and

conditional noise predictions at step ¢ by:
eu(zi t) := eg(zt, t; @), ec(xe,t) := €g(PAD(x4),t; @)

Rather than applying a global guidance scale, LADG forms a
mask-aware noise prediction:

é(ze,t) = (1 — M) ® eo(ay, t)

) 11
FM6 [areclant) + (1 - aeu(al], P
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Fig. 3: Qualitative comparison of object removal with and
without the adaptive application schedule. Regions of dif-
ference are highlighted with orange notations. Our method
enforces object removal in the early denoising phase while
restoring self-attention in later steps, yielding cleaner erasure
and more harmonious results synthesis. Please zoom in for a
clearer view.

where a; is a real number controlling the degree to which
masked latents are steered away from the unconditional tra-
jectory and toward the conditional prediction.

Intuitively, outside the mask we preserve the conditional
trajectory to maintain scene fidelity, while inside the mask
we explicitly drive the latents away from the original object-
unconditioned score, thereby accelerating object removal and
mitigating residual artifacts to produce cleaner and more
coherent outputs.

V. EXPERIMENTS
A. Ablation Study

a) Adaptive Application Schedule: While both Back-
ground Preservation Adaptation (BPA) and Pixel-wise Atten-
tion Dissolution (PAD) are effective in isolating background
and object regions for retention and erasure, their strict sep-
aration can cause attention maps to become disconnected. In
particular, the removed object regions may lose fine details or
appear less harmonized with the surrounding content, as they
only maintain connections to the original latent’s background
rather than dynamically adapting to the current denoising
context.

To mitigate this issue, we apply BPA and PAD only during
the early denoising phase, typically from step 1 to 40-

Fig. 4: Qualitative comparison with and without LADG. With-
out LADG, residual object traces and ghost-like artifacts re-
main, whereas LADG achieves cleaner removal and smoother
background blending.

45, suppose the maximum step is 50. Within this interval,
object removal is enforced by constraining the self-attention
mechanism. Once the undesired content has been sufficiently
suppressed and the sampling trajectory aligns with the target
distribution, the subsequent steps proceed without intervention.
Inside the masked region, the conditional signal associated
with the original object is progressively attenuated. After
the mask is released, the self-attention module resumes its
canonical form, allowing unrestricted pixel-to-pixel interac-
tions, thereby restoring coherence and visual harmony across
the image (as shown in Fig. [3).

b) Effect of LADG: To evaluate the contribution of the
proposed Localized Attentional Disentanglement Guidance
(LADG), we conduct experiments with and without its inte-
gration into the diffusion process. Without LADG, the model
often fails to fully suppress the conditional signal associated
with the target object, resulting in residual structures or ghost-
like artifacts inside the masked region. This limitation is
especially evident when the object strongly dominates local
attention maps, leading to incomplete removal.

In contrast, incorporating LADG enforces spatially localized
guidance away from original objects within the mask while
preserving the global denoising trajectory outside. Qualita-
tively, this yields cleaner object removal and smoother re-
sults, where the inpainted regions seamlessly blend with their
surroundings. Quantitatively, the improvement is reflected in
lower FID and LPIPS scores, as well as higher background



Method Text

FID| LPIPS| MSE| CLIP scorel

Fine-tuning-based methods (SD 2.1 backbone, except LaMa)

PowerPaint [56] v 22.81 0.1322 0.0104 24.15
LaMa [21] X 0.71 0.0012 0.0001 24.50
SD2-Inpaint [11] X 17.93 0.1106 0.0073 24.06
SD2-Inpaint-wprompt [11] v 18.01 0.1098 0.0072 24.32
Zero-shot methods (no retraining, SD 2.1 backbone)
CPAM [32] X 25.25 0.0953 0.0048 24.49
PANDORA w/o PAD (Ours) X 27.3 0.0985 0.005 24.58
PANDORA w/o LADG (Ours) X 30.8 0.1007 0.0055 24.65
PANDORA (Ours) X 35.1 0.1064 0.0059 24.69
Zero-shot methods (no retraining, SD 1.5 backbone)
CPAM [32] X 29.54 0.1564 0.0138 24.32
Attentive Eraser [22] X 118.09 0.2567 0.0270 24.42
PANDORA w/o PAD (Ours) X 35.59 0.1702 0.0156 24.4
PANDORA w/o LADG (Ours) X 42.17 0.1844 0.0171 24.55
PANDORA (Ours) X 44.98 0.1895 0.0184 24.57

TABLE I: Quantitative comparison of fine-tuned and zero-shot object removal methods averaged across all dataset types.
PANDORA consistently achieves the best object removal quality with competitive background realism, without any retraining
or textual prompts, demonstrating strong generalization across both Stable Diffusion v1.5 and v2.1 backbones. Removing
LADG slightly reduces removal quality, while removing PAD causes a significant degradation.

consistency metrics (as illustrated in Fig. f). These results
confirm that LADG plays a critical role in disentangling
object-specific signals from the diffusion trajectory, enabling
fine-grained removal and enhancing overall scene fidelity.

B. Implementation Details

PANDORA is model-agnostic and can be applied to various
diffusion backbones. In this work, we build upon Stable Dif-
fusion v1.5 and v2.1 using the official weights from Hugging
Face diffusers. We adopt DDIM inversion with 50 denoising
steps. The proposed PAD module is integrated into the U-
Net’s self-attention layers without any retraining. Specifically,
PAD suppresses the top 2-5% of correlated activations within
masked regions to decouple object dependencies, while LADG
applies a decaying latent guidance weight (o from 1.0 to 1.6)
to stabilize background refinement. To avoid disconnection
artifacts, BPA and PAD are only activated during the early
denoising phase (steps 1-40/45), after which full self-attention
is restored for final refinement.

C. Baseline

We compare PANDORA with a diverse set of mask-guided
state-of-the-art object removal methods, covering both fine-
tuned and zero-shot paradigms. For fine-tuned methods, we

include LaMa [21], PowerPaint [56], and SD2-Inpaint [11],
evaluated with and without text prompts. Specifically, Pow-
erPaint v2.1 is guided by the prompt “empty scene blur”,
while SD2-Inpaint uses “a clean, natural background, seamless
and realistic lighting.” For zero-shot methods, we evaluate
CPAM [32f], Attentive Eraser [22], and our proposed PAN-
DORA. All are built upon Stable Diffusion v1.5 and v2.1,
except Attentive Eraser, whose officially public implementa-
tion does not support the v2.1 checkpoint. For all methods
based on the Stable Diffusion backbone (except LAMA), we
set 50 denoising steps for consistency. All methods are tested
under identical masking conditions for fair comparison, using
their official implementations and default configurations.

D. Benchmark Dataset

To evaluate our method, we construct a benchmark dataset
for multi-object removal by collecting images from multiple
sources. Specifically, single- and multi-object samples are
taken from PIE-Bench [57] and the Open Images Dataset [58]],
both of which provide high-quality paired images and corre-
sponding object masks. For the mass-similar object removal
scenario, we include samples from Ranjan et al. [59], which
feature clusters of visually similar objects such as fruits,
flowers, and birds. We remove low-quality or overly simple



samples and retain diverse scenes with varied object shapes,
textures, and contextual relationships. In total, the dataset
comprises 75 single-object samples, 17 multi-object samples,
and 94 mass-similar object samples, with masks obtained
through manual annotation or automatic extraction.

E. Evaluation Metrics

To comprehensively evaluate object removal performance,
we assess both background fidelity and object removal quality.
For background regions, we employ Mean Squared Error
(MSE) and LPIPS [60] to quantify the pixel-level and per-
ceptual similarity between the generated background and the
ground truth background. To measure how effectively the
target object is removed, we adopt the CLIP score [61],
which evaluates the semantic alignment between the edited
region and a background-related text prompt (“A background
without any objects.”). In addition, we compute the Fréchet
Inception Distance (FID) [62] to assess the overall realism and
distributional consistency of the generated images compared to
the ground truth background regions (excluding masked areas).
To ensure a fair comparison across all methods, all images
are resized to 512x512 resolution, and the masked regions are
uniformly processed for each dataset.

F. Qualitative and Quantitative Results

Table |I| presents the averaged quantitative results across all
dataset types. Among zero-shot methods, PANDORA achieves
the best balance between background realism and object
removal quality across both Stable Diffusion v1.5 and v2.1
backbones. It attains the highest CLIP score, reflecting effec-
tive object elimination, while maintaining competitive LPIPS
and MSE values. The ablation results show that removing
LADG slightly reduces removal accuracy, as the absence of
localized guidance weakens contextual refinement. In contrast,
omitting PAD leads to a significant performance drop, as
correlated activations within masked regions are not effec-
tively suppressed, often resulting in incomplete erasure or
even failure to remove the target object. CPAM [32] delivers
balanced background reconstruction but struggles to fully erase
objects, whereas Attentive Eraser [22] often distorts scene
structures, leading to high FID, LPIPS, and MSE values.
For fine-tuned models, LaMa [21]] achieves the lowest FID,
LPIPS, and MSE scores due to its rigid blending strategy
that merges original background patches, limiting realistic
restoration. PowerPaint [56]] and SD2-Inpaint [[11] yield mod-
erate performance but depend on task-specific training or
textual prompts. Overall, PANDORA demonstrates consistent
performance across different diffusion backbones, achieving
competitive background coherence and the most effective
object removals.

Figure [5] presents qualitative comparisons across various
scenarios. PANDORA effectively removes both distinct and
clustered objects while preserving fine background details
and maintaining global coherence. In contrast, fine-tuning-
based methods often modify or replace target objects instead
of removing them. Among zero-shot baselines, CPAM |[32]]

Method Chosen (%)

Fine-tuning-based methods

PowerPaint [[56] 4.5
LaMa [21] 6.75
SD2-Inpaint [|[11] 6.25
SD2-Inpaint-wprompt [11]] 7
Zero-shot methods (no training required)
CPAM [32] 6
Attentive Eraser [22] 22

PANDORA (Ours) 47.5

TABLE II: User study results showing the percentage of
times each method was chosen as the best. PANDORA is
consistently favored by users.

preserves background structure relatively well, whereas At-
tentive Eraser [22] tends to lose fine details or generate
overly altered textures; however, both struggle to erase objects
when similar instances appear elsewhere in the scene. All
methods except PANDORA frequently introduce residual ar-
tifacts or distortions, while PANDORA consistently produces
clean, contextually coherent reconstructions across both Stable
Diffusion v1.5 and v2.1 backbones, demonstrating its strong
generalization and stability.

G. User Study

To evaluate the effectiveness of PANDORA, we conducted
a user study with 20 participants from diverse backgrounds.
Each participant was asked to select the best image from sets
of outputs, where the original image and the results of six
different methods were presented side-by-side. To ensure ob-
jectivity, the methods were shuffled and blinded so participants
did not know which image corresponded to which method,
including PANDORA. The evaluation was organized into 20
batches, each containing 20 randomly selected samples, yield-
ing a total of 400 responses and 2,800 image considerations
across all methods. Table [l] summarizes the results, showing
that PANDORA was consistently favored by users. Overall, the
user study reinforces our qualitative and quantitative findings,
highlighting PANDORA’s effectiveness in the object removal
task.

VI. LIMITATIONS AND FUTURE WORK

Although effective, our approach has several limitations.
First, suppression based on a fixed percentile threshold may
occasionally over-filter or under-filter attention responses,
leading to incomplete or excessive object removal. Second,
the framework depends on accurate binary masks; imprecise
segmentation can reduce disentanglement quality and intro-
duce artifacts. In future work, we plan to explore adaptive
mechanisms that adjust percentile thresholds according to
attention statistics or mask confidence, as well as automatic
region selection to identify removable objects without manual
mput.



Image & Mask PowerPaint LaMa

SD 2.1 Inpainting  SD 2.1 Inpainting wp

CPAM_v15

CPAM_v21 Attentive Eraser PANDORA _v15 PANDORA_v21

Fig. 5: Qualitative comparison on various object removal scenarios. From left to right: original image with a mask, and results
from different methods. The top two rows show single-object removal, the middle two rows show multi-object cases, and the
bottom two rows show mass-similar object removal. The last five columns show zero-shot methods.

VII. CONCLUSION

In this paper, we introduced PANDORA, a novel zero-shot
framework for object removal that operates directly on pre-
trained diffusion models without requiring any fine-tuning,
prompts, or inference-time optimization. Our approach ad-
dresses the key challenges of maintaining background integrity
while achieving clean, semantically coherent object erasure.
The core of our method lies in two synergistic components:
Pixel-wise Attention Dissolution (PAD), which precisely dis-
solves object information at a granular level by nullifying the
most correlated keys in self-attention, and Localized Atten-
tional Disentanglement Guidance (LADG), which steers the
denoising process away from object-related latent manifolds.
Together, these modules enable flexible and effective removal
of single, multiple, and even densely packed objects in a
single forward pass. Extensive experiments demonstrate that
PANDORA significantly outperforms existing state-of-the-art
methods, including those that rely on fine-tuning and prompt
guidance, setting a new benchmark for zero-shot object re-
moval in terms of both visual quality and semantic plausibility.
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