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Fig. 1: Comparison between OSOR and other methods. OSOR effectively re-
moves object-associated effects (e.g., shadows) while running 10.6x faster than Ob-
jectClear, the second-best method. A 1024 x 1024 image can be processed in under one
second on a single A100 GPU. The ranking is averaged across six benchmarks.
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Abstract. Real-world object removal is challenging due to two key dif-
ficulties: the target object’s non-local effects (e.g., shadows and reflec-
tions) that are hard to model, and the fact that user-provided masks
are often inaccurate or incomplete. With billions of parameters and tens
of denoising steps, diffusion-based models achieve this goal at the ex-
pense of massive computational cost, limiting their use in interactive
applications and edge devices. To solve this problem, we present OSOR
(One-Step Object Removal), which achieves efficient, effect-aware, and
mask-robust object removal at the same time. Concretely, OSOR in-
troduces (1) an occupancy-guided discriminator for precise boundary
supervision, enabling stable single-step diffusion training, (2) an alpha
head, which leverages the knowledge in diffusion models to predict cor-
rect removal regions with minimal overhead, handling imperfect masks,
and (3) a semantic-anchored verification pipeline (SAVP) that filters
noisy instruction-based triplets to produce effect-aware supervision at
scale. Using SAVP, we curate CORNE with 280K verified removal pairs
and further annotate AnimeEraseBench and TextEraseBench to evalu-
ate model performance in more complex tasks. Experiments show that
OSOR surpasses strong multi-step diffusion baselines in perceptual qual-
ity while achieving 4x to 30x faster inference. Code and resources are
available at https://github.com/Zhougm-Git/osor.
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1 Introduction

Object removal is a fundamental image editing task that aims to eliminate a
target object and its visual effects from a photograph, restoring a natural back-
ground in the affected region. Generally speaking, real-world object removal
presents three major challenges as follows.
(I) Effect-awareness. Removing an object is not simply a matter of erasing
the pixels within a specified mask. The target object often leaves behind persis-
tent visual effects in the scene, including cast shadows, reflected appearances,
and other environmental interactions. Eliminating these effects requires a strong
semantic understanding of the scene geometry and lighting, as the model must
infer what the background should look like without the object and its influence.
(ITI) Mask-robustness. In practical usage scenarios, the removal mask is
typically provided by the user through interactive selection tools. These user-
generated masks are frequently imperfect: they may be too large and cover
unrelated content, or too small and fail to encompass the full extent of the
object and its effects. This masks robustness issue is critical for deployment in
real applications where users expect reasonable results even with careless input.
(III) Efficiency. Object removal is often performed on mobile devices in an
interactive manner, introducing requirements on extremely low latency.

Early approaches to object removal predominantly employed Generative Ad-
versarial Networks (GANs) [7,/10,[25/36]. These methods leveraged adversarial
learning where ground-truth removal results served as real samples and model
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outputs as fake samples. While GANs offered computational advantages through
single forward passes in lightweight networks, their limited representational ca-
pacity constrained generation quality and prevented achieving satisfactory effect-
aware and mask-robust results. Recent advances in diffusion models have funda-
mentally transformed the landscape of image generation and editing tasks. Mod-
ern diffusion models leverage hundreds of billions of parameters and dozens of
iterative denoising steps to achieve unprecedented generative capabilities. These
powerful models have been successfully adapted to image inpainting and ob-
ject removal tasks [2}/8,/21,26}|30], demonstrating superior perceptual quality
compared to traditional GAN-based approaches. Despite these improvements,
diffusion-based methods face a critical bottleneck in computational efficiency.
The multi-step denoising process requires substantial computing resources and
inference time, making it impractical for deployment on edge devices or inter-
active applications where latency is critical. Furthermore, even with the pow-
erful priors encoded in pretrained diffusion models, existing approaches still
struggle to fully address the challenges of effect-aware and mask-robust re-
moval [6,/12}/35,/37,42,|46]. This indicates that simply using pretrained diffusion
models is insufficient, and targeted training strategies are necessary to unlock
their full potential for this specific task.

To solve this problem , in this paper, we propose OSOR, a One-Step diffusion
model for Object Removal that simultaneously achieves three goals: efficiency
through single-step inference, effect-aware removal of shadows and reflections,
and robustness to imperfect user masks. Our approach introduces three key
technical contributions to address the aforementioned challenges.

Occupancy-guided discriminator for single-step diffusion. While ad-
versarial learning based step distillation [33,40] has been successfully utilized in
image generation, we find that applying these methods directly to object removal
leads to unsatisfactory results, particularly producing blurry boundaries around
the removed object. This difficulty arises because single-step diffusion lacks the
iterative refinement opportunity that allows multi-step methods to gradually
correct errors in the generated content [2,/35,46]. To address this, we design an
occupancy-guided discriminator that provides precise boundary supervision by
computing fractional occupancy values at multiple scales from the input mask
for each patch location. Additionally, we propose formulating object removal as
a latent restoration task derived from image restoration principles, where weakly
noising the input image reduces training difficulty [17},23)].

A lightweight alpha head for imperfect removal mask correction.
OSOR introduces an alpha head, which is implemented as a lightweight projec-
tion appended to the diffusion backbone. Leveraging the rich semantic knowl-
edge already present in pretrained diffusion models [9/16,/44], this component can
accurately recover the appropriate mask for removal with minimal additional pa-
rameters and computational overhead. Besides, we further propose a two-stage
training curriculum: the model first learns the removal task with perfect masks,
then adapts to handle imperfect masks to improve robustness.
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Semantic-anchored verification pipeline enabling effect-aware re-
moval data at scale. Based on existing image editing datasets, this pipeline
combines semantic information with pixel-space gradient analysis to verify suc-
cessful removal and detect the presence of object effects. This allows us to
automatically generate substantial amounts of labeled data for training effect-
aware removal models. Using this pipeline, we construct CORNE, a high-quality
dataset containing 280K verified object removal pairs with effect-aware annota-
tions [42,/46]. Furthermore, to address the lack of comprehensive benchmarks for
evaluating object removal in specific domains, we construct AnimeEraseBench
and TextEraseBench, which evaluate removal capability on anime images and
text overlays, respectively. In summary, our contributions are threefold.

— We propose OSOR, a single-step object removal model, which introduces an
occupancy-guided discriminator, a lightweight alpha head, and a semantic-
anchored verification pipeline (SAVP) to achieve efficient, effect-aware, and
mask-robust object removal.

— Based on SAVP, we curate CORNE, a high-quality and effect-aware object
removal training dataset with 280K removal pairs. Besides, we release Ani-
meEraseBench and TextEraseBench, two removal benchmarks for evaluation
on removal in anime scenarios and text objects, respectively.

— Extensive experimental results on 6 benchmarks with 7 comparison meth-
ods demonstrate the superior removal quality and efficiency (Fig. . For
instance, 2.24 dB higher PSNR and 27x faster than the second-best method
in AnimeEraseBench.

2 Related Work

2.1 Image Inpainting and Object Removal

Object removal is related to mask-conditioned inpainting, but it imposes a
stricter requirement to preserve surrounding context while removing the tar-
get object and its visual effects. GAN-based inpainting enables fast inference but
often struggles with boundary continuity and high-frequency realism under irreg-
ular or large masks [10,25}[36}/41]. Transformer-based inpainting improves global
structure modeling for large missing regions [5,|15]. Diffusion-based inpainting
further boosts realism by leveraging strong generative priors |112}21]/26/30]. How-
ever, general inpainting backbones are optimized for generic completion rather
than removal behavior, so outputs remain sensitive to mask quality when object
effects extend beyond the provided spatial conditioning.

2.2 Object Removal Models and Datasets

Recent works adapt diffusion models to object removal through stronger con-
ditioning, task-oriented guidance, or effect-aware modeling [6,[12}/19}[35}/37} 42!
46]. Progress is also driven by improved supervision sources, including video-
derived paired frames and captured counterfactual pairs that better reflect real
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effects [31,37,38]. In parallel, instruction-based corpora provide abundant editing
triplets but can be noisy, motivating verification and filtering to obtain reliable
supervision [3lf13|. A persistent difficulty in interactive removal is that user masks
often under-cover soft effects. Several methods strengthen object effect coupling
in conditioning or supervision, for example via object effect attention [46]. An-
other direction is to predict a soft effective editing region to represent uncertain
boundaries and residual effects beyond the provided mask. This view is related
to alpha compositing and matting, which model soft transitions with an opacity
map instead of a hard mask [14L27,|39]. Recent diffusion-based matting further
supports predicting alpha-like maps from diffusion priors as a representation of
soft boundaries and layer uncertainty [9,/16,/44].

2.3 Efficient Diffusion and One-Step Generation

Reducing diffusion inference cost has been studied through distillation and con-
sistency training that reduces denoising steps [22,/32,[34]. A growing line of work
targets one-step or near one-step generation, distilling pretrained diffusion mod-
els into single-pass generators via distribution matching and adversarial objec-
tives [331/40]. Most efficient diffusion methods are developed for global generation
and do not explicitly enforce the strict context preservation required by mask-
conditioned editing. Single-pass editing is also more sensitive to boundary am-
biguity near the mask, which motivates task-specific supervision when applying
one-step inference to object removal.

3 Methodology

OSOR performs one-step object-and-effect removal by restoring a clean back-
ground from an intermediate noised latent. Training relies on effect-aware super-
vision and paired backgrounds, which we obtain with SAVP, a semantic-anchored
verification pipeline over noisy instruction-based triplets, yielding the CORNE
dataset with effect-aware masks. We train OSOR in two phases, as summarized
in Fig. Phase I focuses on boundary-consistent one-step restoration under
well-localized masks using an occupancy-guided multi-scale discriminator with
patch-level targets. Phase II adds a lightweight alpha head and incomplete-mask
conditioning to improve robustness to conservative or misaligned user masks.
Implementation details and verification thresholds are provided in the supple-
mentary material.

3.1 SAVP and the CORNE Dataset

Effect-aware object removal requires paired backgrounds and masks that cover
both the object and its visual effects such as cast shadows and reflections. We
introduce SAVP, a semantic-anchored verification pipeline that extracts reliable
removal supervision from noisy instruction-based triplets. We apply SAVP to
the single-edit subset of NHR-Edit [13] with add or remove instructions. For
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Fig.2: Overview of SAVP and CORNE. Starting from single-edit instruction
triplets, SAVP verifies semantically aligned and localized differences, then fuses the
validated difference region with promptable segmentation to form an effect-aware mask.
It further derives object-core masks for Phase II incomplete-mask conditioning.

add, we set (Isnot, Igt) = (Ledit, lorig), and for remove we swap the order. SAVP
verifies that the resulting pair exhibits localized and semantically consistent
differences (Fig. [2), and outputs paired backgrounds with effect-aware masks to
form CORNE.

Semantic-anchored verification. Given a single-edit instruction triplet,
SAVP forms an ordered image pair (Ishot,[lst) and verifies that the visual
difference is localized and semantically aligned with the instruction (Fig. |2).
We compute a multi-feature difference heatmap from log-luminance, chromatic-
ity, and gradient magnitude, then binarize and clean it to obtain a difference
mask mq;g. Connected components in mq;g yield candidate boxes bq;g. We run
GroundingDINO |18] with the instruction text on Ighot to obtain semantic boxes
bsem- We first apply a global rejection based on the fragmentation of domi-
nant components and the noise ratio of small components to discard pairs with
dispersed artifacts. We then traverse bg;g in descending area and match each
candidate to its best-overlapping semantic box in bgen. A candidate is accepted
as by, only if its best IoU exceeds a threshold and its area remains within a
scale ratio bound, producing a refined mask mg?flf. If a candidate violates the
scale bound we discard the entire pair as a collapse case, otherwise we drop the
candidate and continue. We keep a triplet only if at least one validated region
exists. Implementation details and thresholds are deferred to the supplementary.
Effect-aware mask synthesis. The validated difference mask myak localizes
the edit but can be fragmented and may miss parts of the object. We therefore
obtain an object-core mask mgp; with SAM2 [29] on Igne using bya as box
prompts, and fuse it with the validated difference region (Fig. [2)),

1
Mfuse = Mobj U m;?ff' (1)

We optionally apply a lightweight dilation to mg,se to obtain the final effect-
aware target mask mg used in training.

Effect decomposition for incomplete-mask conditioning. Phase II re-
quires tight object-core conditioning masks to simulate conservative user inputs.
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(b) Phase II: Alpha-aware Robust Removal with Adaptive Blending

Fig. 3: Two-phase training curriculum. Phase I adapts a diffusion inpainting back-
bone with hard latent blending and occupancy-guided patch supervision for boundary-
consistent one-step removal. Phase II predicts a soft alpha map under incomplete-mask
conditioning and performs adaptive blending to remove residual shadows and reflec-
tions beyond the provided mask.

We define the effect residual on the pre-expansion fused mask,

TMeff = Mfuse \ Mobj- (2)

We select effect-heavy cases by an effects ratio ||meg||1/||muse||1- For effect-heavy
cases, Phase II samples the conditioning mask m;, from a set of conservative
masks that includes the tight object-core mask mqpj, while supervising with the
effect-aware target myg;.

3.2 One-step Latent Restoration

OSOR builds on diffusion-family inpainting backbones (SDXL-Inpainting [26]
and FLUX Fill [2]) and operates in the latent space of a pretrained VAE with
encoder E(-) and decoder D(-). Given an input shot image z and a user-provided
mask m, we encode zZ = E(x) and apply forward noising at an intermediate noise
level ¢ 23],

2t = 4 Z + oy, e~ N(0,1), (3)

where o; and o; are schedule coefficients. The backbone is conditioned on the
full input latent, the mask, and a fixed text embedding. We use the constant
prompt “Remowve the instance of object”, denote its embedding by e, and form
¢ = (Z,m,e). This exposes full scene context through z while using m only to
localize the intended edit.

Given (z, ¢, t), the backbone predicts its native denoising output

Ug :fQ(Ztacvt)v (4)
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Fig. 4: Mask-derived patch targets for a four-scale discriminator. Left shows
the input mask and its overlay on the shot image for visualization. Right compares
three target constructions at each scale. HM uses nearest-neighbor downsampling. SM
applies Gaussian smoothing after downsampling. OG uses area pooling to produce
fractional occupancies. Differences grow on coarser grids.

and we obtain a one-step estimate of the clean latent via the corresponding
one-step mapping,

Zt — Ot Ug
20 = ——.

(5)

Qi

3.3 Phase I: Boundary-consistent One-step Removal

Phase I adapts a pretrained backbone for reliable one-step removal when the
affected region is well localized. We use CORNE supervision and take the effect-
aware mask mg as the target region. In Phase I we set the conditioning mask
as m = myy. Following Sec. we obtain z; and the one-step prediction Zy. To
preserve non-edited content exactly, we perform hard blending in latent space
(Fig. Bp),

Zout =M, ® 29+ (1 —m,) O Z, (6)

where Z = FE(z) and m, is the backbone-specific mask representation used for
latent blending. We decode & = D(zoyt). Hard blending keeps the unmasked
region identical to the input and restricts gradients from training objectives to
the edited region, which stabilizes one-step adaptation.
Occupancy-guided multi-scale discriminator. Single-step restoration can
preserve global structure but often shows seams near mask boundaries, where
each discriminator patch mixes preserved context and synthesized content
(Fig. . We use a multi-scale patch discriminator in the PatchGAN fam-
ily . It consists of a frozen feature trunk ¢ and lightweight trainable
patch heads {h%};. In our implementation, ¢ is a pretrained OpenCLIP Con-
vNeXt that outputs multi-resolution features fi = ¢x(z), and each
head predicts a score map Df(z) = o(hf(fx)). We derive mask-based supervi-
sion targets at four scales, where target discretization becomes more pronounced
at coarser heads (Fig. [4)).

Mapping a binary mask to a coarse logit grid is ambiguous at boundary
patches. Nearest-neighbor downsampling produces hard labels and makes par-
tially covered patches over-confident . Gaussian smoothing yields soft targets
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Fig. 5: Qualitative comparison of OSOR and existing methods on RORD-Val, Re-
movalBench and TextEraseBench.

but depends on the bandwidth o, which is not tied to patch occupancy and
becomes more consequential at larger downsampling factors . We instead
compute an occupancy map wy € [0,1] by area pooling the mask to each dis-
criminator scale. Each value equals the masked-area fraction within the patch of
a logit location, giving exact fractional targets for boundary patches.
Occupancy-guided objectives. We write the adversarial and reconstruction
objectives using a spatial guidance map w € [0,1]7*W. In Phase I, we set
w = Mgy, and Wy, is obtained by area pooling w to the k-th discriminator output
resolution. Let zP8 denote the paired ground-truth background.
The discriminator objective is

Lp(w) = ZE —log Dg(a"%)]
+ZIE (1 — ) ©log DE(&) — oy @ log(1 — DE(2))] + A1 Raa.

(7)

We use an R1 regularizer on real samples and compute it on the head inputs
since ¢ is frozen (see supplementary).

For the generator, we adopt the non-saturating form and normalize by the
occupied area so the loss scale is insensitive to mask size,

o k:f:
e ZE ( lgD())]‘

wi(p) + ¢
We also use a mask-normalized reconstruction term,

el

(®)

Liec(w) =FE
lwll, +¢
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Fig. 6: Qualitative comparison of OSOR and existing methods on CORNE-Val and
AnimeEraseBench.

together with L., = LPIPS(%, 2#) . The generator objective is
L:G (U}) = )\rec»crec(w) + )\per»cper + )\advﬁadv(w)~ (10)

For parameter-efficient adaptation of large pretrained backbones, we update
only lightweight adapters and the terminal output projection while keeping the
remaining pretrained weights frozen. Phase I solves the adversarial game with
W = Mgy using

mein mgax La(mgy) — Lp(mgt), (11)

which is optimized by alternating updates of 6 and &.

3.4 Phase II: Alpha-aware Robust Removal with Adaptive Blending

Phase I assumes the conditioning mask covers both the object and its effects.
In practice, user masks are often conservative or misaligned and frequently miss
soft shadows and reflections. Phase II therefore trains OSOR with an incomplete
conditioning mask m;, and predicts a soft alpha map for adaptive blending
(Fig. Bp).

Alpha prediction and adaptive blending. We augment the generator with a
lightweight alpha head so that a single forward pass produces both the denoising
prediction and an alpha logit map |§|, Concretely, we extend the terminal
output projection of the backbone to emit an additional set of logits £y alongside
its native denoising output. For SDXL-Inpainting, we expand the final convo-
lutional output layer of the U-Net; for FLUX Fill, we expand the final output
projection of the transformer. This design reuses all backbone computation and
adds a small overhead. Given z;, ¢, and t, the generator predicts

(u97 &9) :fe(ztvcat)v d:J(EG)v (12>

where & € [0,1] is predicted at the latent resolution and estimates the effective
editing region. For clarity, Fig. [Bp visualizes & as the alpha output of the head.
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We recover Zj as in Sec. and replace hard blending with alpha compositing
in latent space [14}27,39],

Zout =@ 20+ (1 — &) O Z, (13)

with z = E(z). Backbone-specific output parameterizations and the exact pro-
jection modifications are provided in the supplementary.
Incomplete-mask conditioning.
In Phase II, we replace the
conditioning mask in ¢ by an in-
complete mask my,, using ¢ =
(Z, min, €). We sample m;, from
a family of conservative masks
derived from mg¢. This family
includes tight object-core masks
Mobj Obtained via promptable
segmentation, as well as simple

perturbations of mg such as di- Fig.7: Examples of incomplete conditioning
lation, erosion, translation, and masks m, generated from object-core segmen-
random hole dropping, as illus- tation and simple geometric perturbations.
trated in Fig.[7] These condition-

ing masks intentionally under-

cover the true affected region, so the model must infer missing effects from the
image.

Alpha-guided training. A key design choice is that adversarial and reconstruc-
tion losses are always evaluated on the effect-aware target region mgy, rather than
on the predicted &, to avoid degenerate solutions where the model reduces the
loss by shrinking &. Accordingly, we reuse the unified objectives in Egs. f
with w = myg in Phase II as well. The predicted alpha is used only in the latent
compositing of Eq. and is explicitly supervised to match the effect-aware
extent. Let m?Z, denote mg, downsampled to the latent resolution (as illustrated
in Fig. [3b). We add

Lo = Abee BCE(KQ, m;t) + Adice Dice(d, mgt) (14)

This trains & to recover the full effect-aware extent under incomplete condition-
ing, enabling removal of shadows and reflections beyond the user input. The
overall Phase II objective is

mein mgax La(mgt) + Lo — Lp(Mmgt). (15)

We initialize Phase II from the Phase I weights and maintain the same parameter-
efficient adaptation strategy. LoRA updates the main blocks, while the terminal
projection that emits (ug, £) is fine-tuned to calibrate one-step output statistics.

4 Experiments

We defer full implementation details, benchmark specifications, and metric
definitions to the supplementary material. Unless stated otherwise, all methods
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Table 1: Quantitative comparison on paired-background benchmarks CORNE-Val,
RORD-Val, and AnimeEraseBench under object-only masks and effect-aware masks.

Dataset Method Latency (s) ‘ Object Mask ‘ Object-Bffect Mask
| FID, CMMD| LPIPS| PSNRt SSIMf CFDJ | FID| CMMD| LPIPS| PSNRf SSIM{ CFD|
OmniPaint 26.12 18.6077  0.0093  0.0563 28.436 0.9166 0.1950 | 19.111 0.0094  0.0603 27.950 0.9119 0.2806
ObjectClear 6.44 22.0457  0.0111 0.0956  29.207 0.9191 3 0.0113  0.0976  29.012 0.9166 0.3352
= AttentiveEraser 8.69 25.4818  0.0193  0.0790  25.650 0.8636 .22 0.0176  0.0825 25.602 0.8584 0.3867
E FLUX-Fill 25.27 59.5678  0.0285  0.0824 23.124  0.9130 0.2766 0.0260  0.0784  23.629 0.9119 0.7265
E OmniEraser 20.53 60.3871  0.1079  0.1801 21.540 0.7623 0.2091 0.1049  0.1800 21.720 0.7604 0.3250
o SDXL-INP 6.01 75.1054  0.1506  0.2338 16.203 0.7149 0.2883 0.1357  0.2276  16.804 0.7177  0.4665
© CLIPAway 5.96 68.1043  0.1740  0.1864 21.446 0.7641 0.2746 0.1587  0.1781 22.850 0.7676 0.4661
OSOR(SDXL) 0.42 29.3846  0.0249  0.1272 27.262 0.8371 0.1608 . 0.0255  0.1268 27.422 0.8376 0.2300
OSOR(FLUX) 0.80 12.3241 0.0073 0.0462 32.031 0.9373 0.1538|12.5203 0.0069 0.0460 32.189 0.9377 0.2339
OmniPaint 16.51 27.5658 0.0668 0.1110 23.293 0.7899 0.3707 | 28.1457 0.0675 0.1147 23.078 0.7848 0.3754
ObjectClear 8.69 25.4667 0.1458  0.1206 25.804 0.8500 0.3248 |26.3523 0.1456  0.1234 25.633 0.8462 0.3323
= AttentiveEraser 8.68 36.5740  0.1951  0.1685 22.798 0.7023 0.3608 | 34.9941  0.1822  0.1688 23.080 0.6995 0.3558
> FLUX-Fill 24.80 118.0815 0.5883  0.1821 20.171 0.8156 0.5415 | 111.9136  0.5451 0.1818  20.587 0.8127 0.5607
Eﬁ OmniEraser 25.99 43.2935  0.2409  0.2174  21.900 0.6550 0.3788 | 43.4599  0.2395  0.2183 21.881 0.6537 0.3788
é‘é SDXL-INP 6.38 95.2105  0.7893  0.3247 17.155 0.6466 0.5551 0.7111 0.3234  17.398  0.6469 0.5788
CLIPAway 4.95 89.5176 0.9300 0.2962  19.447 0.5851  0.5805 .594: 0.9031 0.2952  19.665 0.5850 0.5662
OSOR(SDXL) 0.42 35.5989  0.1854  0.1795 23.767 0.6827 0.2644 | 35.6523  0.1858  0.1797 23.826 0.6823 0.2624
OSOR(FLUX) 0.62 27.3621  0.0952  0.1140 25.599 0.8175 0.2465| 28.1271  0.1016  0.1154 25.613 0.8163 0.2324
OmniPaint 24.93 0.0231 0.1129  25.542 0.8573 0.4369 | 26.8119 0.0223 0.1172 0.8515  0.4922
= ObjectClear 10.18 A 5 0.0241 0.1788  25.429 0.8409 0.3872 | 36.4259 0.0228 0.1800 0.8381  0.4406
3 AttentiveEraser 8.69 37.5448  0.0341  0.1333 22587 0.7314 0.3802 | 37.7600  0.0337  0.1375 . 0.7259  0.4625
@ FLUX-Fill 25.19 76.5397  0.0558  0.1269 22.668 0.8597 0.4419 | 59.5985  0.0458  0.1115 23.960 0.8625 0.7075
5 OmniEraser 19.78 57.5116  0.1304  0.2339 19.190 0.6284 0.4249 | 56.6766 ~ 0.1220  0.2350 19.531 0.6232 0.4839
E SDXL-INP 6.21 89.4030  0.1280  0.2754 14.827 0.6516 0.4952 | 70.5512  0.1081  0.2719 14.991 0.6516 0.5614
E CLIPAway 5.96 88.9794  0.2142  0.3191 19.240 0.5748 0.4732 | 79.8083  0.2064  0.3143 19.581 0.5747 0.5293
= OSOR(SDXL) 0.48 55.7614  0.0666  0.2367 23.090 0.6857 0.2820 | 55.4380  0.0658  0.2368 23.130 0.6858 0.3713
OSOR(FLUX) 0.89 26.8352 0.0165 0.1070 27.780 0.8859 0.2703|26.2539 0.0168 0.1077 27.871 0.8855 0.3505

follow the same mask protocol and paired-background evaluation described
there. We compare with SDXL-Inpainting and FLUX Fill and with
OmniEraser [37], CLIPAway [6], AttentiveEraser [35], ObjectClear [46], and
OmniPaint using official code and recommended settings, and we measure
latency on an NVIDIA A100.

4.1 Comparison with Previous Methods

Quantitative Results. Table reports paired-background results under
object-only masks and effect-aware masks. OSOR runs in under one second
per image. On CORNE-Val, OSOR-FLUX achieves the best scores across all
reported metrics under both mask settings, while OSOR-SDXL gives the lowest
CFD under the effect-aware mask. On RORD-Val, OSOR-FLUX attains the
lowest CFD under both masks and remains competitive on perceptual metrics.
On AnimeEraseBench, OSOR-FLUX again ranks first across fidelity and per-
ceptual measures under both masks. The results change little when switching
between the two mask settings, which matches the goal of Phase II training.
Table [2] reports benchmarks evaluated under object-only masks. OSOR-FLUX
performs best on TextEraseBench and OmniPaint-Bench for FID, CMMD,
LPIPS, PSNR, and SSIM. On RemovalBench, OSOR-SDXL achieves the lowest
CFD, and OSOR-FLUX remains competitive across the remaining metrics while
retaining sub-second latency.
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Table 2: Quantitative comparison under object-only
OmniPaint-Bench, and RemovalBench.

masks on TextEraseBench,

Dataset Method Latency (s | FTP+  CMMDJ LPIPS| PSNRf SSIMP  CFDJ
OmniPaint 2489 | 20.3857  0.0348 01039 28.404 0.8811 0.2296
- ObjectClear 1016 | 291359  0.0293  0.1361 29.689 0.8945 0.1957
g AttentiveEraser  8.69 34.6198  0.0397  0.1124 26540 0.7974 0.1994
g FLUX-Fill 2527 | 851376 0.3464 01250 22.157 0.8781 0.4745
z OmniEraser 19.80 | 53.7494 01120  0.2071 21.300 0.7134 0.2217
= SDXL-INP 6.22 68.4836  0.1823  0.2383 19.300 0.7284 0.3422
& CLIPAway 6.22 64.7926 03275 0.2440 23.106 0.7018 0.3011
OSOR(SDXL) 0.43 381242 0.0418  0.1800 27.748 0.7735 0.2128
OSOR(FLUX) 0.83  |19.6169 0.0225 0.0803 31.997 0.9161 0.2066
OmniPaint 3413 | 50.0921 0.0808 01522 23.455 0.8126 0.2700
5 ObjectClear 8.90 583634 0.1353  0.2357 23543 0.7991 0.2535
g AttentiveEraser  8.68 621880  0.1330  0.1732 22406 0.7762  0.3290
A FLUX-Fill 25.27  |124.7098  0.3085  0.2056 19.460 0.7902 0.4750
¥ OmniEraser 14.39 | 75.0069 01743  0.2502 22.063 0.7062 0.3194
& SDXL-INP 6.16  |115.0825 0.3088 0.2828 18.081 0.7059 0.5792
E CLIPAway 596 |117.2142 05208  0.3005 19.434 0.6972 0.5457
© OSOR(SDXL) 0.42 67.4797 01967  0.2648 23.168 0.7419 0.2104
OSOR(FLUX) 1.06 |49.1927 0.0703 0.1419 24.936 0.8330 0.2303
OmniPaint 3059 |41.1790 0.0273 0.2135 24.599 0.7488 0.2180
ObjectClear 1016 | 49.2744  0.0335  0.2871 25.884 0.7726 0.1810
g AttentiveEraser  8.69 80.3447  0.1788  0.1942 23.787 0.7002 0.2094
2 FLUX-Fill 2527 | 178.6896 0.4454  0.2695 20.277 0.7099 0.3984
E OmniEraser 14.39 | 654691  0.3066  0.2029 23.030 0.6712 0.1835
2 SDXL-INP 6.03 |165.4925 04756 0.3388 16.983 0.6251 0.3227
< CLIPAway 596 |169.0450 04072  0.3787 20461 0.6537 0.3569
OSOR(SDXL) 0.43 63.6405 00709 0.3313 24.676 0.6943 0.1585
OSOR(FLUX) 0.93 43.8809  0.0300 01972 25.803 0.7612 0.1810
Table 3: Noise-level ablation on RORD-  Table 4: Patch-target ablation on
Val with object-effect masks. RORD-Val with object-effect masks.
'l'imestep‘ FID{ CMMDJ] LPIPS| PSNRt SSIMt CFDJ Target PSNRtT SSIMt FIDJ LPIPS| CFDJ
200 | 601520 02463 01926 22232 0.6718 0.3610 Hard Mask  22.463 0.6739 56.1508 0.2007 0.3399
400 ] 50.0639  0.2143  0.1855 22.696 0.6741 0.3013 Gaussian Soft 21.992 0.6708 64.1290 0.2103  0.3430
600 ] 554021 02263  0.1884 22563 06720  0.3418 Occupancy  22.696 0.6741 50.0639 0.1855 0.3013
800 51.8961 0.2505 0.1924 22.644 0.6710  0.3299

Qualitative Results. Fig. [f] and Fig. [6] highlight common failure modes in
existing methods. CLIPAway often hallucinates new content inside the masked
region. AttentiveEraser removes the object but leaves cast shadows and reflec-
tions beyond an object-only mask. OmniEraser, ObjectClear, and OmniPaint are
generally strong on object removal and often suppress associated effects, yet oc-
casional cases still exhibit mild residues, boundary inconsistencies, or unintended
content. OSOR more consistently removes both the object and its associated ef-
fects while preserving cleaner background structure and boundaries across the

shown cases.
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Table 5: Ablation of alpha compositing
on RORD-Val under object-only and effect-
aware conditioning masks.

Conditioning mask Method PSNRT SSIMf FID, CMMDJ LPIPS| CFDJ

rs ; . ] Objectonly m, Phasel 21965 0.6726 50.8017 0.2764 0.2062 0.3133
Mask & Image u Pred Alpha Map 2JECL-OMY TMobi phase 11 23.767 0.6827 35.5989 0.1854 0.1795 0.2644

Phase I 22.696 0.6741 50.0639 0.2143 0.1855 0.3013
Phase II 23.826 0.6823 35.6523 0.1858 0.1797 0.2624

| =53

Fig. 8: Alpha compositing under imper-  Effect-avare my
fect masks.

4.2 Ablation Study

Noise level for one-step denoising. We study the noise level ¢ for one-step
restoration on SDXL-Inpainting and evaluate on RORD-Val with object-effect
masks. We sweep t € {200,400, 600,800} while keeping all other settings fixed,
including the occupancy-guided multi-scale discriminator. Table [3] shows that
t = 400 yields the best overall trade-off across fidelity and perceptual metrics.
We use t = 400 in all subsequent experiments unless stated otherwise.

Occupancy-guided multi-scale discriminator. We ablate the construction
of mask-derived patch targets on SDXL-Inpainting and evaluate on RORD-Val
with object-effect masks. We fix ¢ = 400 and compare hard targets from nearest-
neighbor downsampling, Gaussian-smoothed targets, and our occupancy targets
from area pooling. Table [4 shows that occupancy targets improve both percep-
tual and full-reference metrics, supporting fractional supervision at boundary
patches.

Alpha compositing with conservative masks. We evaluate whether the al-
pha head is needed for robust removal when the conditioning mask under-covers
object effects. We compare Phase I with hard latent blending in Eq. (@ and
Phase II with alpha compositing in Eq. on RORD-Val under two condi-
tioning masks. The first uses the effect-aware mask mg;. The second uses an
object-only mask mqp; that excludes effect regions and serves as a conservative
input. Table [§]shows that Phase II improves both fidelity and perceptual quality
under both conditioning settings, with a clearer advantage when the condition-
ing mask is object-only. Figure [§] visualizes the mechanism. The predicted alpha
extends into effect regions that are excluded from m,y;, enabling the model to
modify a broader effective region than hard blending.

5 Conclusion

We presented OSOR, a one-step diffusion inpainting framework for effect-aware
object removal. OSOR formulates removal as latent restoration from an inter-
mediate noised latent and predicts the clean background in a single denoising
pass. To improve boundary consistency in single-step training, we introduce an
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occupancy-guided multi-scale discriminator that uses fractional mask occupan-
cies as patch-level targets. To handle conservative or misaligned user masks,
we add a lightweight alpha head and train with incomplete-mask conditioning
so the model can remove effects beyond the provided boundary. We further
propose SAVP to extract effect-aware supervision from noisy instruction-based
triplets and curate CORNE with 280K verified removal pairs, together with
AnimeEraseBench and TextEraseBench for evaluation. Experiments show that
OSOR reaches strong perceptual quality while reducing inference time by 4x
to 30x, and it processes 1024 x 1024 images within one second on a single A100
GPU.
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