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Abstract. Object removal must prevent the masked target from reap-
pearing and reconstruct the occluded background with structural and
contextual fidelity, rather than merely filling a hole plausibly. Recent
dataset-free approaches manipulate the diffusion model’s internal self-
attention to prevent it from referencing the masked region, yet they fail
in two critical ways: (i) they treat the masked region as the sole fore-
ground, misinterpreting non-target objects as background and regener-
ating them, and (ii) they apply uniform attention constraints without
distinguishing diverse background subtypes, leading to textural blurring
and structural misalignment. Both failures stem from the absence of ex-
plicit background-aware reasoning. We propose EraseLoRA, a dataset-
free framework that replaces attention surgery with background-aware
reasoning and test-time adaptation. The first stage, Background-aware
Foreground Exclusion (BFE), leverages a multimodal large-language model
to separate target foreground, non-target foregrounds, and clean back-
ground from a single image–mask pair. The second stage, Background-
aware Reconstruction with Subtype Aggregation (BRSA), performs test-
time optimization that treats inferred background subtypes as comple-
mentary pieces, enforcing their consistent integration through recon-
struction and alignment objectives without explicit attention interven-
tion. As a model-agnostic plug-in applicable to diverse diffusion back-
bones, EraseLoRA reconstructs backgrounds at least 23% more faithful
to the original scene than previous dataset-free methods while nearly
halving unwanted foreground re-generation, and surpasses all dataset-
driven approaches in both aspects despite requiring no training data.
Code is available at https://shjo-april.github.io/EraseLoRA.
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Fig. 1: Qualitative comparison with prior dataset-free methods. Previous
state-of-the-art approaches [13,34] treat only the masked region as foreground, misinter-
preting non-target objects as background and regenerating them. EraseLoRA identifies
and excludes non-target foregrounds and reconstructs the masked region using various
background subtypes, enabling faithful object removal.

1 Introduction

Image inpainting methods based on GANs [10, 21, 35] and text-to-image diffu-
sion models [7, 11, 26, 30] can synthesize visually plausible content in missing
regions, yet they primarily aim to generate realistic textures rather than restore
the underlying background structure, often hallucinating new objects instead of
faithfully reconstructing what lies behind the removed target.

Object removal, in contrast, requires both eliminating the target and recov-
ering the occluded background by transferring clean background cues into the
masked region with structural consistency. Recent dataset-free diffusion meth-
ods [13,34] attempt to achieve this by redirecting or blocking self-attention within
the masked region so that the model focuses on unmasked context. While ef-
fective in simple cases, these approaches share two inherent limitations. First,
they treat the masked region as the only foreground and often misinterpret
non-target foregrounds outside the mask as background, causing unintended re-
generation of objects (see Fig. 1). This reflects a lack of background-aware rea-
soning. Second, constraining attention uniformly without distinguishing distinct
background subtypes compromises local detail and fails to coherently integrate
multiple background cues, leading to blurred textures and unnatural boundaries
between disparate subtypes (see Fig. 2; further analysis in Appendix B.2).
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Fig. 2: Artifacts from attention manipulation. Recent dataset-free methods [13,
34] directly modify attention inside the mask without identifying background cues,
leading to blurred or distorted textures, whereas EraseLoRA aggregates background
subtypes without attention blocking and preserves sharp, coherent structures.

We introduce EraseLoRA, a dataset-free framework that addresses these is-
sues through background-aware reasoning and test-time adaptation. The first
stage, Background-aware Foreground Exclusion (BFE), leverages a multimodal
large-language model (MLLM) [2,51] to produce clean background cues by sep-
arating target foreground, non-target foregrounds, and background from a sin-
gle image–mask pair. The second stage, Background-aware Reconstruction with
Subtype Aggregation (BRSA), performs test-time optimization with Low-Rank
Adaptation (LoRA) [12] to inject these cues into the masked area and aggregate
multiple inferred background subtypes into a coherent reconstruction without a
dataset-level removal prior or explicit attention blocking. EraseLoRA is validated
as a plug-in across diverse pretrained diffusion backbones [7, 19] and standard
object-removal benchmarks [18,31], demonstrating consistent gains over dataset-
free baselines and competitive performance with dataset-driven methods. By
combining the reasoning capability of MLLMs with the generative fidelity of dif-
fusion models, EraseLoRA establishes an extensible formulation of dataset-free
object removal that requires no additional data or retraining.

Our key contributions are as follows:

– We identify a fundamental failure mode in object removal: non-target fore-
grounds are frequently misinterpreted as background, causing their unin-
tended regeneration across recent dataset-free methods.

– We propose EraseLoRA, a background-aware, dataset-free object-removal
framework that combines MLLM-guided separation of target and non-target
foregrounds from background with a multi-background-aware test-time adap-
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Table 1: Conceptual comparison of EraseLoRA (Ours) with previous approaches for
object removal.

Properties
[ECCV’24]
PowerPaint

[54]

[CVPR’25]
EntityErasure

[53]

[CVPR’25]
SmartEraser

[14]

[CVPR’26]
ObjectClear

[47]

[AAAI’25]
DesignEdit

[13]

[AAAI’25]
AttentiveEraser

[34]
EraseLoRA

Dataset-free object removal ✗ ✗ ✗ ✗ ✓ ✓ ✓
Identifies non-target
foregrounds with backgrounds ✗ ✗ ✗ ✗ ✗ ✗ ✓

Leverages multiple background subtypes ✗ ✗ ✗ ✗ ✗ ✗ ✓
Model-agnostic applicability ✗ ✗ ✗ ✗ ✓ ✓ ✓

tation scheme, preventing foreground regeneration while maintaining contex-
tual coherence.

– We provide three-label ground-truth annotations that distinguish target fore-
ground, non-target foreground, and background, along with two evaluation
metrics designed for unpaired object-removal settings.

– EraseLoRA improves background fidelity by at least 23% over previous
dataset-free methods while nearly halving unwanted foreground re-generation,
and retains these gains when diffusion backbones and MLLMs are each re-
placed by alternatives.

2 Related Work

2.1 Image Inpainting with Generative Models

Image inpainting aims to complete missing regions using the visible context.
Early approaches [32, 49, 55] based on GANs have been surpassed by diffusion-
based methods [41, 43], which produce stable, detailed, and high-fidelity com-
pletions. Building on text-to-image diffusion backbones [26, 30], existing meth-
ods [25,41] fine-tune these backbones on paired inpainting datasets so that they
can exploit text prompts while learning to fill masked regions. However, these
approaches are still optimized for context-consistent completion and tend to hal-
lucinate plausible new objects rather than preserving the original scene content.

2.2 Diffusion Models for Object Removal

Object removal is a specialized form of inpainting that must not only erase the
masked target but also restore the occluded background with structural and
contextual fidelity while preserving target-unrelated regions. Existing methods
fall into two categories: dataset-driven approaches [6, 14, 24, 54], which learn re-
moval priors from additional, often paired before/after data, and dataset-free
approaches [5, 13, 34], which operate directly on pretrained text-to-image diffu-
sion models [7,26,30] without additional data. However, dataset-driven methods
inherit a static training distribution and do not explicitly distinguish non-target
foregrounds from background, which can leave object traces or perturb target-
unrelated regions in complex scenes. Moreover, constructing paired examples
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Fig. 3: Background-aware reasoning power of MLLM. Unlike prior works [15,
27, 38, 50] employ MLLMs for visual reasoning over the visible scene, we first leverage
MLLMs to infer background cues behind the masked target.

is expensive and often unrealistic, since most pairs must be synthesized or ex-
tracted from video frames. These limitations motivate dataset-free methods that
control the diffusion process at inference time. Recent extensions address object
effects such as shadows and reflections [9, 40, 47]. While related, they pursue a
broader removal target and can distort target-unrelated regions, which object
removal should preserve. We focus on removal within the given mask, prioritizing
faithful restoration and preservation of target-unrelated regions.

Recent state-of-the-art dataset-free approaches [13, 34] redirect or suppress
self-attention within the masked region to guide the model toward unmasked
context. While this attention manipulation reduces unwanted regeneration to
some extent, it introduces two fundamental limitations. First, these methods
remain background-agnostic: by treating only the masked area as foreground,
they often misinterpret non-target foregrounds as background and regenerate
them, as shown in Fig. 1. Second, blocking or altering attention disrupts fine
textures and prevents consistent integration of multiple background cues, leading
to blurry or structurally inconsistent results, as illustrated in Fig. 2.

To address these limitations, we introduce a background-aware, dataset-free
framework that leverages visual reasoning from an external model to identify and
exclude non-target foregrounds and to produce clean background cues for recon-
struction. We further aggregate multiple inferred background subtypes coher-
ently through test-time adaptation, enabling structurally consistent background
restoration without a dataset-level removal prior or explicit attention blocking.
Our method is plug-and-play and model-agnostic, applicable across diverse dif-
fusion backbones. Tab. 1 summarizes this design, highlighting how EraseLoRA
differs from previous state-of-the-art methods [13,14,34,53].

2.3 MLLMs for Visual Reasoning in Image Editing

Multimodal large-language models (MLLMs) [1,2,22,51] have gained traction in
vision-language tasks due to their ability to interpret visual scenes and reason
about object relations. Recent editing methods [15, 38] leverage this capability
to extract semantic descriptions, generate editing instructions, or guide global
scene manipulation, while inpainting works [8, 42, 50] use MLLMs to analyze
the visible context and propose content to fill masked regions. However, these
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Fig. 4: Overview of EraseLoRA. BFE (Sec. 3.1) separates target foreground, non-
target foregrounds, and background from a single image-mask pair using an MLLM [51]
and Tag2Mask models [23,28]. After producing clean background cues, BRSA (Sec. 3.2)
performs test-time adaptation [37] with reconstruction and alignment objectives, co-
herently integrating background subtypes into the masked region.

approaches rely on visible context and aim to generate new objects, rather than
inferring what lies behind a removed target.

We leverage MLLMs in a fundamentally different role: as background-aware
reasoners for object removal. Rather than generating new foreground content,
we use MLLMs to infer the occluded background behind the target and to iden-
tify non-target foregrounds that cause unintended regeneration, producing clean
background cues that are not directly visible in the input image (see Fig. 3).

3 Method

Our proposed EraseLoRA is a dataset-free object removal framework that lever-
ages MLLM-guided background reasoning and test-time adaptation to achieve
coherent background reconstruction. It consists of two stages: Background-aware
Foreground Exclusion (BFE; Sec. 3.1) and Background-aware Reconstruction
with Subtype Aggregation (BRSA; Sec. 3.2). The overall pipeline is illustrated
in Fig. 4, and we provide diffusion and attention preliminaries in Appendix A.
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Fig. 5: Identification of non-target foregrounds. Prior methods [5, 34] treat the
entire unmasked region as background, which causes regeneration of non-target fore-
grounds. In contrast, EraseLoRA explicitly identifies non-target foregrounds within the
unmasked region and excludes them, producing clean background.

3.1 Background-aware Foreground Exclusion

The first stage, BFE, prevents unintended object regeneration by explicitly
excluding non-target foregrounds from reference regions and extracting clean
background cues for contextually coherent reconstruction. Given an input im-
age I and a target mask MT , we leverage the background-aware reasoning of
MLLMs [2,51] to partition target foreground, non-target foregrounds, and back-
ground. The MLLM first identifies all semantic tags in the image and classifies
the masked object as the target foreground, visible objects that may cause re-
generation as non-target foreground tags F , and occluded objects or scene com-
ponents behind the target as background subtype tags B. For each non-target
foreground tag in F , we use Tag2Mask models (e.g., Grounding DINO [23] and
SAM2 [28]) to localize its corresponding region. The union of these localized re-
gions defines the non-target foreground mask; the remaining pixels outside both
the target and non-target foreground regions are treated as clean background.

We define three binary masks MT , MF , and MB over the latent spatial
domain Ω = {1, . . . , h × w}. Following the VAE architecture of the employed
diffusion backbone (e.g., [7]), we set h=H/8 and w=W/8 for an input of size
H ×W :

Ω = MT ∪MF ∪MB , (1)

where MT , MF , and MB denote the target, non-target foreground, and clean
background masks in the latent space, respectively. This partition explicitly dis-
tinguishes non-target foreground objects from the unmasked background region,
allowing us to isolate distractors that previous dataset-free methods [13,34] mis-
takenly treat as background (see Fig. 5), which in turn yields cleaner background
supervision for subsequent reconstruction.

3.2 Background-aware Reconstruction with Subtype Aggregation

Based on the clean background cues obtained in BFE, BRSA performs test-time
optimization with Low-Rank Adaptation (LoRA) [12] to effectively aggregate
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Fig. 6: Effect of the background puzzle loss. We visualize how each background
subtype (spectator, advertisement, grass) is represented inside the mask. The back-
ground puzzle loss ensures structurally coherent integration of background subtypes
within the mask, unlike the weak integration without it.

multiple background subtypes and reconstruct the masked region with structural
and contextual consistency. This adaptation provides image-specific background
fidelity in dataset-free setting without artifacts from attention manipulation. To
achieve this, BRSA jointly optimizes two complementary objectives: the Back-
ground Reconstruction Loss (Lrecon) and the Background Puzzle Loss (Lpuzzle).
The overall objective is formulated as Ltotal = Lrecon + λLpuzzle, where λ=0.2
balances background reconstruction fidelity and subtype aggregation. Together,
these losses guide how background information is integrated into the masked
region, softly regulating attention flow without the hard attention-blocking used
in prior methods [13,34].

Background Reconstruction Loss. To preserve regions that are confi-
dently identified as clean background by BFE (Sec. 3.1), we impose a recon-
struction loss only on MB . Let z = Enc(I) be the latent representation of the
input image I, and ẑ be the reconstructed latent after denoising. The background
reconstruction loss is defined as

Lrecon =
1

|MB |
∑

p∈MB

∥∥ẑ[p]− z[p]
∥∥2
2
, (2)

where p denotes spatial indices in the latent feature map. By anchoring ẑ to z on
these background locations, Lrecon enforces fidelity to the original background
and promotes globally coherent reconstruction.

Background Puzzle Loss. While the reconstruction loss Lrecon preserves
high-fidelity background appearance, it does not explicitly control how different
background subtypes are filled and integrated into the masked area, often leading
to structurally inconsistent or partially missing patterns (e.g., misaligned back-
ground context in Fig. 6). To address this, we introduce a background puzzle loss
that treats each background subtype as a distinct puzzle piece that must con-
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Fig. 7: Illustration of evaluation metrics (i.e., BG Sim. and FG Sim.) for unpaired
object removal.

tribute coherently to reconstructing the masked region. This loss enforces that
background attention is concentrated only on valid regions (target foreground
or clean background), preventing attention distraction toward non-target fore-
grounds and improving spatial consistency:

Lpuzzle = 1−Dice
(
Adom,1MT∪MB

)
, (3)

where Dice(·, ·) computes the soft spatial overlap between the continuous at-
tention map and the binary valid-region indicator (see Appendix B for details).
Adom[p] = maxb∈B Ab[p] selects the strongest attention response at each location
p across background subtype tags b ∈ B inferred by BFE (Sec. 3.1), ensuring
that every position is accounted for by its most relevant subtype.

4 Experiments

4.1 Experimental Setup

Implementation details. We implement EraseLoRA on three text-to-image
diffusion backbones [7, 19, 26]. For a fair comparison, we strictly follow the offi-
cial inference configurations (scheduler, guidance scale, resolution, and the num-
ber of sampling steps) and apply EraseLoRA in a purely dataset-free, test-time
manner. During test-time adaptation (TTA), we freeze all backbone parameters
and optimize only the inserted LoRA adapters [12] (rank r=32) for 500 iter-
ations with respect to the final loss defined in Sec. 3.2. This configuration is
kept consistent across all backbones and benchmarks. For BFE (Sec. 3.1), we
use InternVL3-78B [51] as the default MLLM and Grounded SAM2 [28, 29] for
tag-to-mask conversion. Additional details are provided in Appendix B.

Benchmarks. We evaluate EraseLoRA on two benchmarks: 200 samples
from OpenImages V7 [18] and 343 frames from RORD [31]. In both datasets,
the original annotations do not distinguish non-target foregrounds from back-
ground, so we annotate them with three-label (target / non-target foreground /
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Table 2: Quantitative comparison with previous state-of-the-art methods on test
datasets [18, 31]. The best results are in bold.

OpenImages V7 RORD

BG Sim.(↑) FG Sim.(↓) BG Pres.(↑) BG Sim.(↑) FG Sim.(↓) BG Pres.(↑)

Dataset-Free Approaches:

SD3.5-M [7] 0.605 0.286 0.934 0.582 0.319 0.907
+ AttentiveEraser [34] 0.559 0.276 0.931 0.541 0.302 0.901
+ DesignEdit [13] 0.600 0.255 0.933 0.597 0.273 0.908
+ EraseLoRA 0.743 0.151 0.924 0.779 0.138 0.901

Dataset-Driven Approaches:

SDXL-Inpainting [26] 0.677 0.212 0.742 0.645 0.234 0.720
PowerPaint [54] 0.669 0.217 0.719 0.729 0.176 0.687
CLIPAway [6] 0.656 0.223 0.713 0.744 0.156 0.705
SmartEraser [14] 0.709 0.185 0.727 0.768 0.148 0.672
EntityErasure [53] 0.679 0.204 0.728 0.766 0.175 0.716

background) ground-truth masks to capture distractor regions. These refined an-
notations will be released and form the basis of the evaluation metrics described
below. Additional results on RemovalBench [40] are provided in Appendix C.

Evaluation metrics. For unpaired object removal, we use DINO similar-
ity [4], following recent image generation and editing works [20,45]. Foreground
Similarity (FG Sim.) and Background Similarity (BG Sim.) measure, respec-
tively, how much the reconstructed region stays similar to the foreground (lower
is better) and how well it aligns with the background (higher is better; see
Fig. 7). We additionally report Background Preservation (BG Pres.), computed
via SSIM [39] on unmasked regions, following the evaluation protocol of recent
editing methods [17,52], to assess fidelity outside the masked area.

4.2 Comparison with State-of-the-art Approaches

Table 2 shows the quantitative results on two benchmarks [18,31]. Compared to
the baseline [7], EraseLoRA substantially improves BG Sim., from 0.605 to 0.743
on OpenImages V7 [18] and from 0.582 to 0.779 on RORD [31] (absolute gains
of +0.14 and +0.20, corresponding to roughly 23% and 34% relative improve-
ments). At the same time, FG Sim. is almost halved (0.286→0.151 on OpenIm-
ages V7, 0.319→0.138 on RORD), indicating that EraseLoRA suppresses fore-
ground re-generation while filling the mask with background-consistent content.
EraseLoRA also outperforms dataset-driven methods [6,14,26,53,54]: it attains
the highest BG Sim. and the lowest FG Sim. on both benchmarks [18,31], while
maintaining background preservation around 0.90, which is about 0.18 higher
than all five dataset-driven methods. This indicates that EraseLoRA predom-
inantly modifies only the masked region and leaves the unmasked background
almost unchanged, unlike dataset-driven models that often perturb surrounding
content. Qualitative comparisons in Fig. 8 reflect the same trend: EraseLoRA
removes the target object cleanly while preserving sharp background details and
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DesignEditSmartEraserImage & Mask AttentiveEraser EraseLoRA(Ours)SD3.5-MSDXL-Inpainting
Dataset-Driven Dataset-Free

Fig. 8: Qualitative comparison on OpenImages V7 [18] and RORD [31]. Without any
paired data, EraseLoRA avoids unwanted background changes (green), copying nearby
objects (red), and residual foreground artifacts (yellow), achieving cleaner object re-
moval and more faithful backgrounds than both dataset-driven and dataset-free meth-
ods [7, 13,14,26,34].

avoiding unwanted edits in unmasked regions. Additional quantitative and qual-
itative results are provided in Appendix C and F.

4.3 Discussion

To understand EraseLoRA’s performance gains, we conduct component-wise ab-
lations on OpenImages V7 [18], measuring the effect of each stage and loss term.

Effect of BFE with prior dataset-free methods. To test whether our
foreground exclusion module (BFE; Sec. 3.1) generalizes beyond EraseLoRA,
we plug it into prior dataset-free object-removal methods [13, 34] without mod-
ifying their inference pipelines. By explicitly excluding non-target foregrounds
from their reference regions, background similarity improves by up to 6.6%,
while foreground similarity decreases by 8.6% (Tab. 3, left). As shown in the
left panel of Figure 9, non-target foregrounds that were previously regenerated
are successfully suppressed once BFE provides clean background references, con-
firming that BFE alleviates the re-generation limitation of existing dataset-free
approaches [13,34] in a fully model-agnostic manner.

Effect of losses in BRSA. To determine the most effective objective for
BRSA (Sec. 3.2), we examine the roles of the two complementary losses through
a loss-combination study (see Tab. 3, right). The background reconstruction loss
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Image & Mask AttentiveEraser + BFE (Sec. 3.1) EraseLoRA (Ours)Image & Mask

Fig. 9: (Left) Effect of BFE (Sec. 3.1) on AttentiveEraser [34]. Red masks denote
excluded non-target foregrounds. (Right) Examples of EraseLoRA in occlusion cases.
EraseLoRA reconstructs occluded content (e.g., a painting, stairs) as background from
surrounding context.

Table 3: (Left) Effect of non-target foreground exclusion (BFE; Sec. 3.1) in previous
state-of-the-art dataset-free methods [13, 34] and (Right) loss component in BRSA
(Sec. 3.2).

Method Metrics

BG Sim.(↑) FG Sim.(↓)

AttentiveEraser [34] 0.559 0.276
+ BFE (Ours; Sec. 3.1) 0.596 0.252

DesignEdit [13] 0.600 0.255
+ BFE (Ours; Sec. 3.1) 0.603 0.251

Method Loss Components Metrics

Lrecon Lpuzzle BG Sim.(↑) FG Sim.(↓)

SD3.5-M [7] ✗ ✗ 0.605 0.286
+ EraseLoRA ✓ ✗ 0.736 0.158
+ EraseLoRA ✗ ✓ 0.561 0.278
+ EraseLoRA ✓ ✓ 0.743 0.151

(Lrecon; Eq. (2)) preserves structural background consistency, improving BG
Sim. from 0.605 to 0.736 (+21.7%), but can still leave faint foreground traces. In
contrast, the background puzzle loss (Lpuzzle; Eq. (3)) suppresses foreground ar-
tifacts via background subtype aggregation, but alone lacks explicit background
anchoring and fails to capture fine background structure and global patterns,
often leading to visually inconsistent completions (see Fig. 10). Together (i.e.,
EraseLoRA), the two losses achieve the best results, yielding coherent and detail-
preserving background restoration while overcoming the limitations observed
when either loss is used alone.

Flexibility. To evaluate the general applicability of EraseLoRA, we apply
our method to different text-to-image diffusion backbones [7,19,26,30], MLLMs
of varying scales [2, 22, 48, 51], and Tag2Mask models [3, 16, 29, 36]. EraseLoRA
demonstrates generalization ability by yielding reliable gains in both BG Sim.
and FG Sim. regardless of the underlying diffusion backbones (see Tab. 7 and
Fig. 15). Detailed quantitative and qualitative analyses are provided in Ap-
pendix D.1.



EraseLoRA: Dataset-Free Object Removal 13

SD3.5-MImage & Mask +  +  +   & 

Fig. 10: Visualization of loss components in BRSA (Sec. 3.2). Lrecon preserves
background structure and Lpuzzle completes the masked region; using both (i.e.,
EraseLoRA) produces the most coherent and detailed background.

Table 4: Applicability across different (Left) MLLMs and (Right) Tag2Mask models.

Method MLLM Metrics

BG Sim.(↑) FG Sim.(↓)

SD3.5-M [7] N/A 0.605 0.286
+ EraseLoRA LLaVA-7B [22] 0.728 0.164
+ EraseLoRA LLaVA-7B+MARINE [48] 0.727 0.161
+ EraseLoRA Qwen2.5-VL-72B [2] 0.726 0.165
+ EraseLoRA InternVL3-78B [51] 0.743 0.151

Method Tag2Mask Metrics

Model BG Sim.(↑) FG Sim.(↓)

SD3.5-M [7] N/A 0.605 0.286
+ EraseLoRA Seg4Diff [16] 0.666 0.205
+ EraseLoRA YOLOE [36] 0.709 0.177
+ EraseLoRA SAM3 [3] 0.708 0.177
+ EraseLoRA G.SAM2 [29] 0.743 0.151

We also evaluate EraseLoRA across MLLMs of various scales [2, 22, 48, 51]
from 7B to 78B parameters, including a hallucination-mitigated variant [48].
Across all these models, EraseLoRA provides consistent gains (Tab. 4, left),
confirming that our framework reliably leverages the background-aware reason-
ing ability of MLLMs rather than depending on a specific architecture. Notably,
even lightweight 7B MLLMs yield substantial improvements comparable to much
larger models [2], achieving gains of up to 20.3% in BG Sim. and 42.7% in
FG Sim., which indicates that EraseLoRA remains highly effective in resource-
constrained settings without requiring a large MLLM. Despite their effectiveness,
we adopt a large-scale MLLM [51] as our default configuration in the main ex-
periments, as it provides the strongest background-aware reasoning and achieves
the best overall performance.

We further validate EraseLoRA’s effectiveness across different Tag2Mask
models [3,16,29,36] in BFE (Sec. 3.1). Across all Tag2Mask variants, EraseLoRA
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Fig. 11: Interactive Control. (Right) Our interactive interface allows users to gen-
erate customized non-target foreground masks for BFE (Sec. 3.1) based on manual
points or bounding boxes and background tags. (Left) These human-guided non-target
foreground exclusion and background tag selection effectively correct challenging fail-
ure cases of EraseLoRA.

consistently improves background reconstruction and foreground suppression,
yielding at least 10.0% gains in BG Sim. and 28.3% reductions in FG Sim. over
the SD3.5-M [7] baseline (see Tab. 4, right). Grounded SAM2 achieves the best
performance, improving BG Sim. by up to 22.8% and reducing FG Sim. by up
to 47.2%, resulting in the cleanest and most faithful background reconstruc-
tion. Additional qualitative results and detailed analysis regarding the impact
of MLLM hallucinations are provided in Appendix D.1 and D.3.

MLLM-guided removal under occlusion. Occlusion poses a unique chal-
lenge for object removal: content normally regarded as foreground may be hidden
behind the target, yet must be recovered as background during inpainting. By
leveraging the MLLM’s scene-level understanding, EraseLoRA correctly identi-
fies such occluded elements and reconstructs them with semantically coherent
completions (see Fig. 9, right).

Interactive Control. While EraseLoRA effectively removes the target au-
tomatically via MLLM’s background-aware reasoning [51], we offer an interac-
tive variant where users provide minimal guidance via an interactive interface to
enhance user control and computational efficiency. This mode allows users to by-
pass MLLM overhead or correct potential imperfect predictions of its reasoning.
To support these needs, our interactive variant follows a streamlined workflow
(Fig. 11, right): (i) selecting a specific sample and the edit mode (e.g., Point
or BBox prompts), (ii) providing visual guidance via points or bounding boxes
on the input image, (iii) clicking the apply button to (iv) update and refine the
precise non-target foreground mask by observing the extracted results, (v) gen-
erating descriptive background tags based on the input image, and (vi) clicking
the save button to store the manual results for BRSA (Sec. 3.2).

Limitations. While EraseLoRA achieves strong performance in object re-
moval, several limitations remain. First, the use of large-scale MLLMs such
as InternVL3-78B [51] and test-time optimization for fixed 500 iterations with
LoRA adapters introduces additional computational overhead. Specifically, the
full optimization process takes approximately three minutes per test image on
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the default backbone, SD3.5-M [7]. Although no paired data are required, it-
erative optimization and MLLM queries increase latency and memory usage at
inference time. However, this cost can be significantly mitigated by (i) employing
lightweight MLLMs (e.g., 7B scale), which show comparable quality as shown in
Tab. 4, and (ii) applying an early stopping strategy. We observe that employing
an early stopping strategy can reduce the average optimization cost to approxi-
mately 141 iterations, achieving a more than 3.5× speedup compared to the fixed
500-iterations baseline while preserving over 96.5% of the background similar-
ity (see Appendix E.1 for more details). Second, the MLLM-guided background
definition can be imperfect in complex scenes with subtle semantic boundaries
or heavy occlusion, which may lead to incomplete or inaccurate removal. A more
detailed analysis is provided in Appendix D.3.

5 Conclusion

In this paper, we introduce EraseLoRA, a dataset-free object removal framework
that leverages MLLM-guided background-aware reasoning and test-time adap-
tation to enable faithful background restoration. Building on the failure modes
identified in existing dataset-free methods, EraseLoRA explicitly separates tar-
get, non-target foreground, and background, filters out distractors to prevent
their regeneration, and integrates multiple background subtypes. As a plug-and-
play and model-agnostic module, EraseLoRA consistently produces cleaner and
more coherent background reconstructions across diffusion backbones and bench-
marks without requiring any paired data. An interesting future direction is video
object removal, where shared background context across frames can amortize the
per-image optimization cost.
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A Preliminaries

Diffusion Models. Diffusion models generate images by learning a reverse de-
noising process that gradually transforms noise into image [7, 26]. In a typical
text-to-image implementation, an input image I is first mapped into a latent
representation z0 = Enc(I) through a VAE encoder. A denoising network ϵθ
then iteratively predicts and removes the noise from zt, optionally conditioned
on a text embedding c. Finally, the denoised latent ẑ0 is decoded back into the
image space by a VAE decoder, yielding Î = Dec(ẑ0). This framework allows
controllable generation by conditioning on text prompts or other external sig-
nals.

Attention Mechanisms in Diffusion Models. In latent diffusion models
[30], attention blocks regulate how information flows during denoising. There are
two types of attention: self-attention captures dependencies among latent tokens,
while cross-attention establishes interactions between latent tokens and external
condition tokens such as text prompts. For a latent zt ∈ RHW×d at step t, self-
attention computes a weight matrix Aself = softmax(QK⊤/

√
d) ∈ [0, 1]HW×HW ,

where each row sums to 1, which represents how strongly one latent token attends
to all other tokens. Cross-attention follows the same principle but aligns latent
queries with condition tokens C ∈ RL×d, yielding Across ∈ [0, 1]HW×L. Here
each row of Across sums to 1, corresponding to

∑L
i=1 A

cross
i [p] = 1 for each spatial

index p, where Across
i ∈ [0, 1]HW denotes the cross-attention matrix for condition

token i. This indicates how strongly each latent token relates to the L condition
tokens. In practice, the way attention is computed has evolved with the design
of modern diffusion backbones. Earlier text-to-image diffusion models [26, 30]
compute attention directly at the latent level on feature maps. However, recent
powerful text-to-image diffusion models [7,19] group multiple latent tokens into
larger patch tokens (latent patchify) and compute attention at the patch level
to enable more efficient and scalable processing of high-resolution images.

B Details of EraseLoRA

B.1 Implementation Details

For reproducibility, we provide the implementation details and hyperparame-
ters of EraseLoRA. During test-time adaptation, only the LoRA adapters [12]
inserted into the attention blocks are updated, while all backbone parameters
remain frozen. Optimization is performed using the test-time adaptation objec-
tive defined in Sec. 3.2. All baseline methods [6, 7, 13, 14, 19, 26, 34, 40, 53, 54]
are reproduced using official implementations when available, or re-implemented
following the descriptions in their respective papers.

Dice Score. We use a soft Dice coefficient between a continuous attention
map X and a binary region indicator Y :

Dice(X,Y ) =
2
∑

p X[p]Y [p]∑
p X[p] +

∑
p Y [p] + ϵ

,
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where ϵ is a small constant added for numerical stability.
Normalized Cross-Attention. For each background subtype tag b ∈ B,

we compute a raw spatial attention map Ãb from the cross-attention values of
the diffusion model. Let Tb denote the set of text token indices corresponding
to tag b. For each spatial index p, we average the cross-attention responses over
attention layers, heads, and the text tokens in Tb:

Ãb[p] =
1

|L| |H| |Tb|
∑
ℓ∈L

∑
h∈H

∑
i∈Tb

Across
ℓ,h [p, i],

where L and H denote the sets of attention layers and heads, respectively, and
Across

ℓ,h [p, i] denotes the cross-attention value between spatial index p and text
token i.

We then apply tag-wise normalization across background subtype tags:

Ab[p] =
exp(τÃb[p])∑

b′∈B exp(τÃb′ [p])
,

where τ controls the sharpness of subtype assignment, and we set τ = 100 in all
experiments.

Finally, the dominant subtype aggregation map used in Lpuzzle is defined as

Adom[p] = max
b∈B

Ab[p].

This map records the strongest normalized response among background subtype
tags at each spatial location. Matching Adom to 1MT∪MB

promotes subtype ag-
gregation on the target and clean background regions while suppressing responses
on the non-target foreground mask MF .

Configurations.

– Hardware. All experiments are conducted on NVIDIA RTX PRO 6000
Blackwell Server Edition GPUs with 96GB VRAM using mixed-precision
(FP16).

– Diffusion Backbone choices. SD3.5-M [7] is used as the default text-to-
image diffusion backbone based on its powerful text-image alignment ability.
To validate flexibility across diverse modern diffusion backbones, we addi-
tionally test our method on several different diffusion architectures, including
SD1.5 [30], SDXL [26], and FLUX.1 [19] (see Tab. 7).

– MLLM choices. InternVL3-78B [51] is used in BFE (Sec. 3.1) as the default
MLLM due to its strong background-aware reasoning. To validate flexibility
across different MLLMs, we additionally test representative models of various
scales, including LLaVA-7B [22] and Qwen2.5-VL-72B [2]. We further include
a hallucination-mitigated model, LLaVA-7B w/ MARINE [48], to examine
the impact of object hallucination on removal quality (see Tab. 4, left). For
all MLLM variants, we consistently apply the same full prompt as illustrated
in Fig. 12 to ensure a fair comparison of their background-aware reasoning
capabilities.
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 You will receive TWO images in this exact order:
 [0] Original RGB image  
 [1] Binary MASK image (WHITE = region to remove, BLACK = keep)

 CRITICAL: Focus on Image [1] (the MASK) to identify what needs to be removed. The WHITE area in the mask shows EXACTLY what object is being removed.

 CONTEXT:
 This is for text-guided inpainting using Stable Diffusion. Your tags will be directly used as text prompts to guide the inpainting model.

 ANALYSIS PROCESS (Internal thinking - do NOT write these steps in output):

 STEP 1 - IDENTIFY THE MASKED OBJECT:
 Look at Image [1]. What object is covered by the WHITE region?
 Compare the white mask shape with objects in Image [0]. The WHITE region shows EXACTLY what is being removed.

 STEP 2 - WHAT SHOULD FILL THE EMPTY SPACE?
 After removing the masked object, what should Stable Diffusion generate?
 Look at what's VISIBLE around the white boundary in Image [0]. Include ALL elements that should appear (multiple tags OK):

   A. GROUND/FLOOR (what the object sits on):
      Examples: "grass", "green grass", "asphalt road", "wooden floor", "sand"
   B. BACKGROUND SCENERY (what's behind/around):
      Examples: "blue sky", "white clouds", "trees", "buildings", "ocean", "mountains"
   C. CONTINUATION CHECK:
      Does the white mask cover ONLY PART of a person/vehicle/animal?
      If YES and the object clearly extends beyond the mask - Include for continuation. If the mask covers the ENTIRE object - DO NOT include in background.

 List all background elements (near to far).

 STEP 3 - WHAT SHOULD NOT APPEAR?
 What other complete objects are visible OUTSIDE the white mask region? These objects should NOT be generated in the inpainted area.

 STEP 4 - COMPILE FINAL TAGS:
   - target_object_tags: The object covered by WHITE mask (STEP 1)
   - background_tags: Elements to generate (STEP 2)
   - foreground_tags: Objects to exclude (STEP 3)

 IMPORTANT: If target and background contain the SAME tag:
   - Is it a continuation case? Keep in both
   - Is it the entire object? Remove from background

 TAGGING RULES FOR STABLE DIFFUSION:
   - Use natural language: "blue airplane", "green grass", "blue sky"
   - Be specific: "vintage biplane", "small airplane", "seaplane"
   - Multiple words OK: "cloudy sky", "grass field", "airplane hangar"
   - Common SD vocabulary: terms diffusion models understand
   - NO duplication: same tag shouldn't be in multiple lists (unless continuation)
   - NO vague terms: "object", "thing", "background"

 OUTPUT:
 After thinking through all steps internally, output ONLY this JSON (no other text):
 { 
   "target_object_tags": ["..."], "background_tags": ["...", "..."], "foreground_tags": ["..."] 
  }

Fig. 12: Full MLLM prompt used in BFE (Sec. 3.1) for background-aware reasoning
and tag extraction from a single image–mask pair. The prompt guides a step-by-step
reasoning that accounts for occlusions (orange line) to extract key cues: target objects
(red line), background subtypes for reconstruction (green line), and non-target fore-
grounds to be excluded (blue line).
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– Tag2Mask choices. Grounding DINO [23] and SAM2 [28] are used in BFE
(Sec. 3.1) as the default Tag2Mask model to obtain pixel-level masks for
MLLM-predicted tags. To validate flexibility across different Tag2Mask mod-
els, we additionally test three state-of-the-art segmentation models, including
Seg4Diff [16], YOLOE [36] and SAM3 [3] (see Tab. 4, right).

– LoRA details. We test multiple ranks (r ∈ {16, 32, 64, 128}) for the LoRA
adapters inserted into attention blocks, and set the rank to r = 32, providing
the best results, for all experiments (see Fig. 18).

– TTA iterations. We compare different numbers of iterations ({100, 200,
300, 400, 500, 600}) during test-time adaptation. (see Fig. 18). While we set
500 iterations as the default for all experiments to ensure maximum quality,
we also introduce an Early Stopping (E.S.) strategy to significantly improve
efficiency while maintaining quality. We provide the technical details of this
strategy in Sec. E.1.

– Loss weights. The weight of the puzzle loss Lpuzzle is set to λ = 0.2 in the
TTA objective.

– Computational cost of TTA. The VRAM usage, number of additional
parameters, and optimization time of BRSA (Sec. 3.2) during test-time opti-
mization are summarized in Tab. 7. Only the LoRA parameters are updated
during optimization and the updated LoRA weights are merged into the
backbone afterward [12]. As a result, EraseLoRA incurs no extra computa-
tional cost at inference time, consistent with standard text-to-image diffusion
architectures [7, 19,26,30] (see Tab. 6, right).

Metric Details. To evaluate object-removal performance on unpaired datasets
that do not have ground-truth images after removal, we use BG Sim. and FG
Sim., two DINO-based cosine similarity metrics [4], along with BG Pres. (in-
troduced in Sec. 4). Following the mask partition defined in Eq. 1, we use the
target mask MT , non-target foreground mask MF , and background mask MB

for metric computation. We manually curate the corresponding masks to obtain
reliable regions for evaluation and will release them publicly.

BG Sim. Background Similarity (BG Sim.) measures how well the recon-
structed masked region aligns with the true background (higher is better). We
compute it as the cosine similarity between DINOv3 [33] features extracted from
the background region in the input image and the reconstructed region in the
output:

BG Sim. =
f(I[MB ]) · f(Î[MT ])

∥f(I[MB ])∥ ∥f(Î[MT ])∥
(4)

where MB denotes the background mask and MT denotes the reconstructed
target region.

FG Sim. Foreground Similarity (FG Sim.) measures how much the recon-
structed masked region incorrectly refers to foreground content (lower is better).
It is computed as the cosine similarity between DINOv3 [33] features extracted
from the foreground region in the input image and the reconstructed region in
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Disturb Local Detail Blur Artifacts
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Fig. 13: Artifacts from disrupting short-range self-attention. Prior self-
attention control methods [13, 34] suppress short-range activations (b), which erodes
fine details and produces blur and checkerboard artifacts in the reconstructed back-
ground (c).

the output. To discourage background-inconsistent restoration, we weight this
score by (1− BG Sim.):

FG Sim. = (1− BG Sim.) · f(I[MT ∪MF ]) · f(Î[MT ])

∥f(I[MT ∪MF ])∥ ∥f(Î[MT ])∥
(5)

where MT ∪MF denotes the all foreground region (target and non-target).
BG Pres. Background Preservation (BG Pres.) evaluates how well the un-

masked region is maintained after object removal. It is computed as SSIM [39]
between the input image I and reconstructed image Î over the unmasked region
M c

T , following the protocol of recent editing works [17,52].

B.2 Design Rationale

Limitations of Attention Surgery. Previous state-of-the-art dataset-free
methods [5, 13, 34] redirect or block self-attention inside the mask so that the
model focuses on unmasked context. Specifically, they block any interaction
within the masked region itself by setting those attention values to zero (see
Fig. 13 (b)). However, we identify two fundamental limitations in these meth-
ods.

First, they are inherently unstable and often produce blur or structural ar-
tifacts (see Fig. 13 (c)). They unintentionally disrupt short-range activations of
self-attention, referring to the local interactions where latent tokens mainly at-
tend to their nearby neighbors. These activations are crucial for preserving fine-
grained details, and their disruption often leads to blurred textures. Furthermore,
when applied to recent text-to-image diffusion models [7,19] that compute atten-
tion at the patch level, blocking attention inside the mask amplifies instability,
resulting in patch-wise artifacts such as checkerboard patterns. Second, they ap-
ply uniform attention constraints without distinguishing the diverse background
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subtypes in the unmasked region. By treating the entire context as a single and
undifferentiated background, they indiscriminately attend to irrelevant features,
such as using sidewalk details to reconstruct a road, and fail to preserve the
unique structural priors of specific patterns such as road markings or cooling
racks. This leads to textural blurring, structural misalignment, and unnatural
boundaries between disparate subtypes (see Fig. 2 and Fig. 13 (c)).

These failure modes stem from the absence of explicit background-aware
reasoning, showing that prior self-attention control methods [5, 13, 34] fail to
maintain fine-grained fidelity and produce visually inauthentic results, lacking
robustness across modern text-to-image diffusion architectures [7, 19].

Effect of Test-Time Adaptation. Instead of explicitly blocking self-attention,
BRSA (Sec. 3.2) provides a dataset-free mechanism for injecting BFE-inferred
background cues into the diffusion model through test-time adaptation with
LoRA adapters [12]. Unlike dataset-driven approaches [14, 53, 54] that rely on
paired before/after removal data or a dataset-level removal prior, BRSA adapts
the frozen backbone to the current image context, allowing clean background
information to be incorporated into the masked-region reconstruction through
the adapted weights rather than explicit attention manipulation.

This test-time adaptation is a key design choice for inducing removal behav-
ior without additional training data while avoiding artifacts caused by attention
surgery. Together with the complementary BRSA objectives (Eqs. 2 and 3), it
enables background cues to be aggregated with textual and structural consis-
tency. As a result, BRSA reconstructs the masked region using image-specific
background information, reducing blur, checkerboard artifacts, and subtype-
misaligned textures across diverse diffusion backbones [7, 19,26,30].

C Additional Quantitative Results

C.1 Experimental Setup

This section provides extended evaluation details on baselines, datasets, and
metrics.

Baselines. Beyond the main comparison in Tab. 2, we provide additional
evaluations of FLUX.1-Fill [19] to broaden the set of competitive baselines.

Benchmarks. We further evaluate EraseLoRA on RemovalBench [40], which
provides 68 paired samples with ground-truth images after target removal. We
also consider OmniPaint-Bench [44], which offers 1,300 paired samples. How-
ever, we find that 1,000 samples overlap with RORD [31], and the remaining
300 samples exhibit notable inconsistencies between the input and ground-truth
images, such as mismatched colors in unmasked regions (see Fig. 14). Therefore,
we exclude OmniPaint-Bench [44] from our evaluation, as its samples do not
provide reliable ground-truth backgrounds for fair quantitative comparison.

Extended metrics. For unpaired object removal, we use three evaluation
metrics: Foreground Similarity (FG Sim.), Background Similarity (BG Sim.),
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Input & Mask Ground-truth Image Difference heatmap

Fig. 14: Color discrepancies on paired OmniPaint-Bench [44] dataset. Be-
fore/after object removal pairs show substantial color mismatch in target-unrelated
regions, as shown in the difference heatmap.

and Background Preservation (BG Pres.). For paired object removal, we fur-
ther report representative fidelity metrics, PSNR, SSIM [39], and LPIPS [46],
to compare predictions against ground-truth backgrounds. Following the evalua-
tion protocol of RemovalBench [40], all paired metrics are computed on masked
regions to measure pixel-level accuracy, structural consistency, and perceptual
similarity (see Tab. 6, left).

Although these evaluation metrics capture different aspects of image fidelity,
they are still insufficient to determine whether object removal is semantically
successful. In particular, they cannot verify whether the target object truly
disappears without residual foreground traces, nor whether the reconstructed
background is contextually plausible.

To address this, we follow recent VLM-based evaluation protocols [34] for im-
age inpainting and object removal and adapt them into a removal-specific metric,
GPT-Metric, scored on a 0–100 scale. GPT-Metric assesses object removal from
a semantic perspective via two components: (1) a removal success rate, which
checks whether the target object is correctly perceived as absent without any
traces, and (2) a semantic perceptual score, which evaluates the quality of the
reconstructed background, including contextual consistency and hallucination
artifacts. Detailed quantitative results for GPT-Metric are reported in Tab. 5.

C.2 Quantitative Analysis

Additional quantitative results. Across OpenImages V7 [18], RORD [31],
and RemovalBench [40], EraseLoRA consistently surpasses all dataset-free ap-
proaches [7, 13, 34] and remains competitive against dataset-driven methods [6,
14, 19, 26, 40, 53, 54]. We observe that EraseLoRA improves background fidelity
and alleviates regeneration of undesired foreground without any noise while pre-
serving background. Table 5 and the left of Table 6 summarize the extended
quantitative results across datasets.
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Table 5: Extended quantitative comparison with previous state-of-the-art methods on
OpenImages V7 [18] and RORD [31] dataset. The best results are in bold.

Method OpenImages V7 RORD

BG Sim. FG Sim. GPT-Success GPT-Score BG Sim. FG Sim. GPT-Success GPT-Score

Dataset-Free Approaches

SD3.5-M [7] 0.605 0.286 12.7% 16.9 0.582 0.319 3.80% 6.87
+ AttentiveEraser AAAI’25 [34] 0.559 0.276 10.5% 31.6 0.541 0.302 2.04% 23.0
+ DesignEdit AAAI’25 [13] 0.600 0.255 24.8% 34.1 0.597 0.273 10.2% 27.6

+ EraseLoRA (Ours) 0.743 0.151 71.0% 61.0 0.779 0.138 81.3% 70.2

Dataset-Driven Approaches

SDXL-Inpainting [26] 0.677 0.212 27.1% 30.9 0.645 0.234 3.83% 12.9
FLUX.1-Fill-dev [19] 0.661 0.255 30.3% 33.5 0.688 0.232 9.47% 13.8
PowerPaint ECCV’24 [54] 0.669 0.217 33.2% 34.9 0.729 0.176 34.1% 37.6
CLIPAway NeurIPS’24 [6] 0.656 0.223 33.2% 38.4 0.744 0.156 35.8% 39.9
SmartEraser CVPR’25 [14] 0.709 0.185 59.5% 57.4 0.768 0.148 75.8% 72.5
EntityErasure CVPR’25 [53] 0.679 0.204 50.5% 51.4 0.766 0.175 47.5% 49.7

Table 6: (Left) Quantitative comparison on paired RemovalBench [40] and (Right)
inference-time computational cost comparison with previous state-of-the-art methods.

Method SSIM (↑) PSNR (↑) LPIPS (↓)

Dataset-Free Approaches

SD3.5-M [7] 0.772 22.3 0.185
+ AttentiveEraser [34] 0.780 24.5 0.181
+ DesignEdit [13] 0.782 24.9 0.168
+ EraseLoRA (Ours) 0.786 25.1 0.163

Dataset-Driven Approaches

SDXL-Inpainting [26] 0.726 20.7 0.430
FLUX.1-Fill-dev [19] 0.757 21.6 0.212
PowerPaint [54] 0.751 22.9 0.213
CLIPAway [6] 0.722 22.5 0.198
SmartEraser [14] 0.744 24.2 0.168
OmniEraser [40] 0.699 23.9 0.253
EntityErasure [53] 0.723 22.4 0.208

Method Params. VRAM Latency

Dataset-Free Approaches

SD3.5-M [7] 2,243 M 21.9 GB 4 s
+ AttentiveEraser [34] 2,243M 43.2 GB 15 s
+ DesignEdit [13] 2,243M 43.2 GB 9 s
+ EraseLoRA (Ours) 2,243 M 30.9 GB 4 s

Dataset-Driven Approaches

SDXL-Inpainting [26] 2,568 M 8.3 GB 5 s
FLUX.1-Fill-dev [19] 11,902 M 38.3 GB 15 s
PowerPaint [54] 1,952 M 4.7GB 2 s
CLIPAway [6] 1,390 M 11.3 GB 2 s
SmartEraser [14] 1,494 M 9.7 GB 2 s
OmniEraser [40] 16,961 M 35.1 GB 6 s
EntityErasure [53] 2,607 M 13.6 GB 3 s

Inference efficiency. We compare computational efficiency during inference
across recent object removal methods [6, 13, 14, 19, 26, 34, 40, 53, 54]. Although
EraseLoRA requires additional computation costs during BRSA (Sec. 3.2) due
to LoRA adapters (see Tab. 7), EraseLoRA incurs no extra cost at inference by
merging LoRA weights into the frozen diffusion backbone’s weights [12]. (see Tab.
6, right). While dataset-driven models may offer lower inference cost, EraseLoRA
achieves comparable or lower overhead while delivering substantially higher fore-
ground suppression and background fidelity. Therefore, even when a computa-
tional gap exists, the quality gains make the trade-off clearly advantageous.

D Details of Ablation Study

D.1 Flexibility

EraseLoRA is designed as a model-agnostic framework that can be plugged into
different components of the object-removal pipeline. In the following, we examine
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Table 7: EraseLoRA on different diffusion backbones with TTA cost.

Method Metrics TTA Cost

BG Sim.(↑) FG Sim.(↓) Param. VRAM Opt. Time

SD1.5 [30] 0.596 0.271 858 M 3.39 GB -
+ EraseLoRA 0.702 0.176 +6.38 M +0.68 GB 117 s

SDXL [26] 0.608 0.297 2,573 M 11.5 GB -
+ EraseLoRA 0.730 0.186 +46.5 M +5.86 GB 250 s

SD3.5-M [7] 0.605 0.286 2,243 M 21.9 GB -
+ EraseLoRA 0.743 0.151 +23.9 M +9.0 GB 191 s

FLUX.1 [19] 0.588 0.205 11,902 M 38.5 GB -
+ EraseLoRA 0.760 0.146 +52.3 M +20.9 GB 495 s

SD1.5Image & Mask + EraseLoRA (Ours) FLUX.1 + EraseLoRA (Ours) SD3.5-M + EraseLoRA (Ours)

Fig. 15: Qualitative results across diffusion architectures. Consistent clean
background restoration on SD1.5, FLUX.1, and SD3.5-M [7,19,30].

its flexibility by varying (i) the underlying diffusion backbone, (ii) the MLLM
used for background-aware reasoning, and (iii) the Tag2Mask pipeline, and show
that EraseLoRA yields consistent improvements across these choices.

Diffusion architectures. We evaluate EraseLoRA on four representative
text-to-image diffusion backbones, including SD1.5 [30], SDXL [26], SD3.5-M [7],
and FLUX.1 [19], thereby demonstrating that EraseLoRA robustly reconstructs
foreground-free background across diverse architectures. EraseLoRA consistently
improves the performance, showing at least a 17.8% increase in BG similarity
and a 28.8% decrease in FG similarity, across all employed backbones (see Tab.
7). Notably, this improvement is more pronounced in text-to-image diffusion
backbones with superior text-to-image alignment power (e.g., SD3.5-M [7] and
FLUX.1 [19]), as they provide more precise guidance for identifying and recon-
structing background. This backbone-agnostic behavior is also clearly observed
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Fig. 16: Qualitative results across MLLMs. Clean background reconstruction and
strong foreground suppression are consistently achieved across diverse MLLMs [2, 22,
48,51]. MLLMs with strong background-aware reasoning [2,51] exhibit superior removal
quality (blue overlays) by providing accurate background cues (green boxes), whereas
smaller MLLMs [22,48] often fail to remove the object (red overlays) due to inaccurate
background cues (e.g., dog or person).

in qualitative results, where it stably removes target objects without foreground
traces or noise, while preserving fine details and global background coherence
(see Fig. 15).

MLLMs. EraseLoRA yields noticeable improvements in different MLLMs
[2, 22, 48, 51], even when using lightweight models (see Tab. 4). This tendency
is also qualitatively confirmed, where EraseLoRA suppresses object generation
and restores the background coherently guided by MLLM-driven background
cues (see Fig. 16, left). While we test MARINE [48], a hallucination-mitigated
model, to examine the impact on removal quality, we observed that background-
aware reasoning power, the ability to accurately identify and classify background
subtypes among diverse candidates, is a more critical factor. Large MLLMs
(e.g., Qwen2.5-VL-72B [2] and InternVL3-78B [51]) successfully remove the tar-
get object and reconstruct background based on precisely inferred background
subtypes, unlike MARINE [48] which fails to remove objects effectively due to
inaccurate background cues (see Fig. 16, last row).

Tag2Mask models. We further validate that the proposed framework re-
mains effective with different Tag2Mask models in BFE (Sec. 3.1), including
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Input & Mask Seg4Diff YOLOE SAM3 Grounded SAM2

Fig. 17: Qualitative results across Tag2Mask models. Different Tag2Mask mod-
els [3, 16, 23, 28, 36] reliably localize non-target foreground regions, enabling complete
background reconstruction without foreground traces.

Seg4Diff [16], YOLOE [36], SAM3 [3] and Grounded SAM2 (Grounding DINO
[23] and SAM2 [28]). Across all Tag2Mask variants, EraseLoRA consistently im-
proves background reconstruction and foreground suppression, yielding at least
10.0% gains in BG Sim. and 28.3% reductions in FG Sim. over the SD3.5-M [7]
baseline (see Tab. 4, right). Notably, Grounded SAM2 achieves the best per-
formance, improving BG Sim. by up to 22.8% and reducing FG Sim. by up to
47.2%, resulting in the cleanest and most faithful background reconstruction (see
Fig. 17).

These results show that EraseLoRA is model-agnostic, supporting plug-and-
play object removal without depending on specific external modules.

D.2 Adaptation Capacity

We vary two key factors in test-time optimization (BRSA; Sec. 3.2) on SD3.5-
M [7] and FLUX.1 [19]: (1) the LoRA rank [12], which controls the learnable
capacity of adapters, and (2) the number of test-time adaptation [37] iterations,
which determines how long the model adapts to background cues.

LoRA rank. From experiments with ranks {16, 32, 64, 128}, rank 32 yields
the best trade-off, achieving the strongest foreground suppression and the most
consistent background reconstruction (see Fig. 18). Larger ranks such as 64 or
128 offer no meaningful gains while incurring higher optimization cost, so we
adopt rank 32 as the default configuration.
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Fig. 18: Effect of test-time optimization [37] capacity. Varying LoRA [12] rank
and number of iterations shows that 500 iterations and LoRA rank 32 achieve the best
performance on SD3.5-M [7] and FLUX.1 [19].

Input & Mask ObjectClear (CVPR'26)OmniEraser (arXiv'25) EraseLoRA

Fig. 19: Trade-off in effect-aware removal. Effect-aware methods [40,47] can tar-
get object-induced effects, but often distort target-unrelated regions (red), whereas
EraseLoRA preserves them (green).

TTA iterations. Although longer optimization generally improves recon-
struction performance, the marginal gains diminish relative to the additional
time cost. Hence, we adopt 500 iterations as a practical balance between quality
and efficiency (see Fig. 18).

D.3 Discussion

Multiple objects removal. When the mask contains multiple objects to erase,
EraseLoRA removes all targets jointly and reconstructs each region with co-
herent background subtypes. Because the adaptation operates per background
rather than per instance, its performance remains stable regardless of the type
or number of masked objects, requiring no modification to the framework (see
Fig. 21 (b)).

Trade-off in effect-aware removal. Effect-aware methods [40, 47] explic-
itly target object-induced effects such as shadows or reflections, but may dis-
tort target-unrelated regions (see Fig. 19). In contrast, EraseLoRA prioritizes
preserving such regions by editing only the masked area. When object-induced
effects should also be removed, they can be handled by expanding the mask or
using interactive control (see Fig. 11).
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Input & Mask Input & Interactive MaskEraseLoRA EraseLoRA

Fig. 20: Failure case and practical solution. While physical effects (e.g., shadows)
outside the initial mask can leave subtle traces (left), using an interactive mask that
encompasses these effects ensures complete object removal (right).

Misclassification of background subtypes. While our method utilizes
MLLM’s background-aware reasoning capabilities, the removal quality may be
affected if foreground and background tags are misclassified. In such cases,
EraseLoRA follows incorrect cues and regenerates residual object traces. This is-
sue can be alleviated by employing larger MLLMs [2,51] with stronger background-
aware reasoning or through interactive control (see last row of Fig. 16 and
Fig. 11).

E Limitations and Future Works

E.1 Limitations

Presence of object effects. EraseLoRA removes the target object and syn-
thesizes plausible background texture, but does not explicitly handle physical
effects caused by the object outside the mask (e.g., shadows, lighting distortion,
reflections). Thus, subtle traces may remain if these effects are not included in
the mask. A practical solution is to use an interactive mask that encompasses
both the object and its effects, which helps achieve more seamless removal (see
Fig. 20).

Additional computational overhead. EraseLoRA requires background-
aware reasoning from MLLMs [2, 22, 51] and test-time optimization [37] with
LoRA adapters [12], introducing extra computation compared to training-free
object removal methods [7,13,34]. Since the optimization is performed per back-
ground context, the cost scales with the number of different backgrounds en-
countered. However, this overhead can be effectively mitigated through several
efficiency-oriented strategies. By selectively utilizing MLLMs of various scales,
such as using LLaVA-7B [22] instead of the default InternVL3-78B [51], the pa-
rameter scale is reduced by approximately 11× while maintaining over 98.0%
and 91.4% of the performance in BG Sim. and FG Sim., respectively (see Tab.
4, left).

Furthermore, we adopt an early stopping (E.S.) rule based on a standard
elbow-based criterion to determine the stopping point automatically for compu-



EraseLoRA: Dataset-Free Object Removal 33

In
pu

t &
 M

as
k

Pe
r-f

ra
m

e 
TT

A
O

ne
-s

ho
t T

TA
In

pu
t &

 M
as

k
O

ne
-s

ho
t T

TA

Total  Time of Test-time Adaptation =  3 min/frame x 5 frames = 15 min 

Total Time of Test-time Adaptation =  3 min/frame × 1 frame (only first) = 3 min

Robustness on masked target, number of target objects

(a
) V

id
eo

 R
em

ov
al

(b
) M

ul
tip

le
 O

bj
ec

ts
 R

em
ov

al
  E

ra
se

Lo
R

A
 (O

ur
s)

  
  E

ra
se

Lo
R

A
 (O

ur
s)

  

Fig. 21: Efficiency of video extension. For video frames sharing similar background
context, one-shot optimization on a single frame can be reused across the sequence,
achieving performance comparable to per-frame optimization while reducing adapta-
tion cost by the number of frames. Moreover, EraseLoRA remains robust for multiple
object removal without additional optimization.

tational efficiency, as the optimization exhibits a clear diminishing-return pat-
tern. For each sample, we track the optimization objective Ltotal and identify
the elbow of its smoothed trajectory, which marks the transition from rapid im-
provement to a near-plateau regime. Importantly, this criterion is not tailored
to our method; rather, it is a conventional curve-based stopping rule applied di-
rectly to the loss dynamics. Using this criterion, the average optimization length
is reduced from 500 to approximately 140 iterations, while preserving more than
96.5% of the final BG Sim. relative to the full optimization budget. While E.S.
rule offers a favorable efficiency-performance trade-off, we do not adopt it in the
main experiments because our primary goal in this paper is to maximize final
restoration quality under a fixed optimization budget. In practice, early stop-
ping introduces a small but non-negligible performance drop compared with the
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full 500-iteration optimization. Nevertheless, we believe it provides a practical
option for follow-up studies and for deployment scenarios where computational
overhead is a more critical concern.

E.2 Future Works

Although EraseLoRA incurs additional computational overhead, its optimization
is performed per background rather than per image. In video sequences where
many frames share similar backgrounds, this allows the optimization cost to be
reused across frames, making video object removal a promising next step.

To validate this potential, we apply test-time optimization [37] only to a sin-
gle representative frame and reuse the adapted model for the remaining frames.
As shown in Fig. 21, the outputs remain comparable to per-frame optimization,
where the model is independently adapted for every frame. This demonstrates
that leveraging shared background context makes video object removal an effi-
cient extension of EraseLoRA (see Fig. 21 (a)).

F Additional qualitative results

This section provides extended qualitative comparisons between EraseLoRA and
various baseline methods [6, 7, 13, 14, 19, 26, 34, 40, 53, 54]. All results were gen-
erated using the same experimental setup, including the baselines and bench-
marks [18,31,40] detailed in Sec. C.1.

EraseLoRA clearly removes target objects without leaving semantic traces
and reconstructs the background with artifact-free textures. In contrast, previous
dataset-free methods [7, 13, 34] tend to hallucinate foreground-like patterns or
overly smooth textures. Visual comparisons are shown in Fig. 22 and Fig. 23.
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Fig. 22: Additional qualitative comparison with dataset-driven and dataset-free meth-
ods [6, 7, 13,14,19,26,34,40,53,54] on OpenImages V7 [18] dataset.
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Fig. 23: Additional qualitative comparison with dataset-driven and dataset-free meth-
ods [6, 7, 13,14,19,26,34,40,53,54] on RORD [31] and RemovalBench [40] datasets.
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