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Abstract

Towards intelligent image editing, object removal should eliminate both the target
object and its causal visual artifacts, such as shadows and reflections. However, ex-
isting image appearance-based methods either follow strictly mask-aligned training
and fail to remove these casual effects which are not explicitly masked, or adopt
loosely mask-aligned strategies that lack controllability and may unintentionally
over-erase other objects. We identify that these limitations stem from ignoring the
causal relationship between an object’s geometry presence and its visual effects.
To address this limitation, we propose a geometry-aware two-stage framework that
decouples object removal into (1) geometry removal and (2) appearance rendering.
In the first stage, we remove the object directly from the geometry (e.g., depth) us-
ing strictly mask-aligned supervision, enabling structure-aware editing with strong
geometric constraints. In the second stage, we render a photorealistic RGB image
conditioned on the updated geometry, where causal visual effects are considered im-
plicitly as a result of the modified 3D geometry. To guide learning in the geometry
removal stage, we introduce a preference-driven objective based on positive and neg-
ative sample pairs, encouraging the model to remove objects as well as their causal
visual artifacts while avoiding new structural insertions. Extensive experiments
demonstrate that our method achieves state-of-the-art performance in removing
both objects and their associated artifacts on two popular benchmarks. The project
page is available at https://buxiangzhiren.github.io/GeoRemover,

1 Introduction

Object removal is a challenging computer vision task with applications in image editing and scene
rendering, aiming to erase undesired objects as if they never present. Following the inpainting
framework [1} 12} 13, 4], traditional strictly mask-aligned approaches [3 |6, [7, I8]] assume that user
specified mask fully covers the objects to be removed, thus only deal with the masked region while
do not change the remained image. However, in real-world scenarios, objects often cast causal
visual artifacts (e.g., shadows and reflections) onto surrounding regions, leading to illumination
inconsistencies beyond the masked area. As illustrated in Fig. [Th, although the child is successfully
removed, his shadow remains as the causal artifact. A simple solution to address such an associated
artifact is to extend the object removal mask to cover these artifacts, but this places a significant
burden on users, who must identify and annotate all subtle, detached, and ambiguous artifacts. As a
result, this approach is neither scalable nor user-friendly.

Therefore, recent methods [9} 10, [11]] assume a more practical and user-friendly setting where the
input mask only covers the objects to remove, but the model implicitly infers and removes causal
visual artifacts such as shadows and reflections in an intelligent way. For example, previous methods
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Figure 1: Comparison of object removal training paradigms. (a) Strictly mask-aligned training
edits only masked regions but leaves causal visual artifacts (shadow) unaddressed. (b) Loosely
mask-aligned training allows broader context-aware corrections but lacks clear guidance, leading to
confusion and uncontrollable edits. (¢c) Our method decouples geometry and appearance for object
removal: we first edit the scene geometric representation (in the form of a depth map) under strictly
mask-aligned supervision, then render a realistic image where both objects and causal visual artifacts
(shadow) are cleanly removed.

have attempted to adopt loosely mask-aligned training strategies, encouraging models to infer and
correct inconsistencies beyond explicitly masked regions specified by the user. However, without a
specific design to guide the editing, most of them heavily rely on paired training data, which hinders
controllability. Compared to strictly mask-aligned training, where the mask explicitly defines which
regions can be modified and which must be preserved, in loosely mask-aligned settings, both the
masked and unmasked regions may require edits, but the model itself has no clear boundary guidance,
leading to confusion about where modifications should occur. As shown in Fig.[Ib, while the model
successfully removes the child’s shadow, it also mistakenly removes the nearby adult, resulting in
unintended alterations to the scene.

The above challenges suggest that solely optimizing training strategies is insufficient to enable
models to reason about causal visual effects. We make a key observation: these effects, such as
shadows and reflections, are fundamentally caused by the object’s geometry under specific lighting
conditions. In other words, the geometry presence is the cause, and the causal visual effects are
its consequence. Intuitively, if the object’s presence is removed from the scene geometry, then its
associated illumination effects should no longer exist.

This insight motivates us to rethink object removal as a causal reasoning process: we firstly modify
the geometric representation (e.g., via modifying the depth maps) to remove the object presence from
the scene geometry; then, we render a new image appearance based on the updated scene geometry,
where causal visual artifacts will be naturally removed. This progressive design offers two key
advantages. First, in the geometry removal stage, we can adopt strictly mask-aligned training: since
causal visual artifacts do not need to be considered in the geometry domain, and object boundaries
are clearly defined, thus the model can focus on removing only the object in masked region, making
the task well-posed with strong supervision. This eliminates the risk of undesired modifications to
unmasked regions. Second, in the rendering stage, the absence of the object naturally leads to the



removal of its associated artifacts. This implicitly enforces causal consistency by removing both the
object and its visual artifacts. To enable this behavior, we train the rendering model with paired data:
each pair consists of an image with the object and its causal effects (e.g., shadows or reflections),
and the corresponding image shows the scene with both the object and its effects removed. By first
localizing the removed object based on geometric differences, the rendering model can then establish
the causal relationship between the object and its associated effects by analyzing the visual differences
between the paired images. As shown in Fig. [Tk, our method successfully removes both the object
and its shadow, while preserving nearby unmasked content. Our contributions can be summarized as:

* We propose a new two-stage framework to leverage geometric representation to decouple
object removal into geometry removal and appearance rendering. Based on our observation
that the geometric representation is free from causal visual artifacts, our method erases
masked objects from the scene geometry followed by the removal of their visual artifacts.

» To improve object removal quality in the geometric representation, we introduce a preference-
guided loss to prevent the model from inserting unexpected structures.

* Compared to existing methods that utilize loosely mask-aligned training strategies to ap-
proach this problem in the same setting, which mostly suffer from loss of controllability
and the unintended alteration issue, we demonstrate through experiments that the proposed
framework improves the removal quality on two benchmark datasets.

2 Related work

Object removal and inpainting. Object removal is traditionally formulated as an inpainting
problem, where the model fills a user-specified mask with realistic content [[12} [13} 14} 15,16} 17, [18]].
Most approaches [[19} 20, (7] trained in a strictly mask-aligned manner, enabling precise control over
the masked region. For instance, ClipAway [3] leverages harmonized CLIP embeddings to guide
removal, SmartEraser [21]] and Inst-Inpaint [6] explore instruction-based or maskless generation.
But they often leaving behind causal visual artifacts such as shadows and reflections. To address
this, loosely mask-aligned methods [9, [10} [11]] expand the removal scope beyond the user-defined
mask, automatically cleaning surrounding artifacts. However, this comes at the cost of reduced
controllability and increased risk of over-editing. Different from them, our method bridges the gap
between strictly mask-aligned precision and loosely mask-aligned flexibility by decoupling geometry
and appearance, allowing for structure-aware editing and implicit removal of causal visual artifacts.

Geometry-aware generation. Incorporating geometric priors such as depth maps has shown
promise in editing [22]], scene completion [23]], and novel view synthesis [24} 25]. While many
prior methods use geometry as auxiliary input during single-stage generation [26} 27], they typically
entangle structure and appearance modeling. Unlike prior methods that use depth as auxiliary input,
we decouple geometry and appearance into two stages: editing in depth space and rendering in RGB.
This design enables controllable structure editing and implicit removal of causal visual artifacts.

Diffusion preference optimization and human alignment. Preference-guided training has
emerged as a practical alternative to supervised learning for aligning generative models with human
intent [28, 129/ 130, 31]]. For instance, DPO [28] extends preference optimization to diffusion models
by learning from ranked pairs. Other works [29, 30} 31]] explore human alignment through benchmark
design, direct reward modeling, and multi-dimensional preference decomposition for text-to-image
generation. Inspired by these ideas, we adopt a DPO-style strategy in our geometry removal stage:
instead of human-annotated rankings, we define preferences based on geometric flow smoothness,
encouraging plausible structure completion while suppressing spurious insertions.

3 Method

3.1 Problem formulation

Given an input image I~ € R”*W>3 and an object mask M € {‘9/, I;H *W indicating the region to
be removed, our goal is to generate an output image I € R¥*W >3 in which the object has been
cleanly erased, its contextual effects (e.g., shadows or reflections) are removed, and the background
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Figure 2: The training framework of Stage 1: Geometry Removal. Given an input image and object
mask, we first estimate the geometric representation (in the form of a depth map) and construct a
masked geometry input. The masked depth map, together with the mask, is then fed into a diffusion
model to predict the edited geometry. To discourage structure insertion and encourage object removal,
we construct two geometry completion paths: a positive path where the object is successfully removed
with smooth depth flow, and a negative path where the object remains with sharp depth transitions.
The model is trained to prefer the positive path and suppress the negative one.

is realistically restored. Most existing methods formulate this problem as a direct image-to-image
transformation task, learning a mapping

I =g(I7, M), ey

where g is a function that maps the masked image and mask to a completed result. However, as illus-
trated in Fig. [Th and Fig.[Ib, such formulations often entangle geometric reasoning with appearance
synthesis, making it difficult to control structural edits and leading to unintended modifications.

To address this, we approach this problem by decoupling it into two sub-tasks: (1) geometry removal,
which modifies the geometric representation to eliminate the object while preserving the surrounding
structure; and (2) appearance rendering, which synthesizes an RGB image consistent with the updated
geometry from geometry removal. This decoupling allows us to separate structure-level editing
from pixel-level synthesis, and enables causal visual artifacts to be implicitly corrected through
geometry-aware rendering. Formally, we decompose the object removal process as

xg =DI7), xsr:s(g(xa7M), I+:Q(I_,xa,xar), 2)

Stage 1: geometry removal Stage 2: appearance rendering

where D is a geometry estimator, x, is the estimated geometric representation of the input im-
age, xg' = sg(zy , M) is the updated geometry predicted by the diffusion model s¢ under strictly
mask-aligned supervision, and G synthesizes the final RGB output conditioned on the geometric
transformation from x, to xar and the input image I~

3.2 Stage 1: geometry removal

Geometry completion with strictly mask-aligned training. In the first stage, our goal is to remove
the target object by modifying the scene geometry, while preserving the surrounding structure. We use
depth as the geometric representation in this work due to the efficiency and accuracy of recent depth
estimation models. Geometry removal is performed in the depth domain, where causal visual artifacts
such as shadows and reflections do not appear, making the task well-suited for strictly mask-aligned
supervision. The overall training pipeline is illustrated in Fig.[2] Formally, given an input RGB image
I, an estimated depth map z¢, and an object mask M € {0, 1}#*W indicating the removal region,
the objective is to learn a model that predicts an edited depth map & where the object is removed
within the masked region, while preserving geometry elsewhere. We enforce the constraint

io(laj) = ’IO(Z7])7 V(Za]) where M(Z7]) =0. (3)

A naive solution to this task is to treat the depth map as a colorized image and fine-tune a pre-trained
diffusion-based image inpainting model for depth editing. To maximize the log-likelihood log p(z¢ |
¢), diffusion-based models optimize a denoising score matching objective, which minimizes the
discrepancy between the model-predicted score sg(x¢, ¢, ¢) and the true score V, log p(x | o, ¢).



Here, s is a parameterized score function, and ¢ = (M, (1 — M) x z¢) denotes the conditioning
input (i.e., the object mask and the masked depth map). The score matching loss is

Lopsm(zo, ¢) = Ey [w(t) ||so(2,t,¢) — Vg, logp(zy | o, 0)|?] “4)

where z; is a noisy sample generated from xo and w(t) is a weighting function over timesteps.

Preference-guided geometry completion via DPO. However, when applying this baseline directly,
we observe that the model often hallucinates new structures within the masked region, as shown in
the second row of Fig.[3a] Rather than recovering a coherent surface, it tends to insert unrealistic
geometry that does not align with the surrounding structure. We hypothesize that this behavior
arises from the lack of geometry-aware constraints: without explicit structural supervision, the model
cannot distinguish between completing missing surfaces and generating new, implausible content.
To avoid hallucinating new content within the object removal region, inspired by recent advances
in Direct Preference Optimization (DPO) [28]], we propose to model geometry removal through a
reward-based framework. DPO aims to align model outputs with user preferences by optimizing over
ranked sample pairs, rather than relying solely on explicit ground-truth labels.

In our setting, we adopt a similar philosophy: we define preferences over geometry, where the depth
in the masked region that does not contain the object is what we prefer, and the depth that includes
the object is what we do not prefer. Ideally, a preferred depth map should be locally smooth inside
the mask, with minimal abrupt depth changes that would otherwise indicate the presence of an object.
As shown in Fig.[2] when the masked region contains an object (e.g., a dog), the depth flow, defined
as the spatial gradient of depth values, exhibits sharp discontinuities due to the object’s geometry. In
contrast, when the object is successfully removed from the mask, the depth flow approaches zero,
indicating a smooth and coherent surface. Therefore, we consider low depth flow within the mask as
a key signal for realistic and desirable geometry.

We define the reward as a monotonic function of log p(z¢ | ¢), based on flow difference between the
predicted depth map &g and ground-truth z:9, measured by the flow loss Lgow (£0, 2o ). The reward is

r(c,0) = —Laow(T0, 7o) = f (logp(zo | ¢)), with f/ > 0. 3)

Then we introduce how we define the flow loss Lqow(£0, o). Specifically, let d;; denote the depth
value at pixel (i, 7). The flow at pixel (4, ) is defined as the first-order spatial gradient

Fij(x) = {|dix1,; — dijl, |dije1 — dij]}, ©)

which captures local depth transitions in horizontal and vertical directions. Then the flow loss is
defined as the average of per-pixel absolute differences between the predicted flow and the ground-
truth flow. It is L

Liow (o, To) = i > IF(#0) = Fij(xo)ll; (M

(3,7)€Q
where 2 denotes the set of valid pixels. With the reward r(c, ), to model preference between
completions, we assume access to ranked sample pairs (2, ), indicating that x{ is preferred
over x; under the same conditioning c. As illustrated in Fig. , we refer to these as the positive

and negative geometry paths, respectively. We adopt the Bradley-Terry (BT) model to express the
preference probability

Lor = —E, 4 oo logo (r(c,zy) —r(c,zy))] - (8)

The final loss £ combines the standard diffusion loss with the preference-guided objective, which is
L = Lpsm + A LpT, )

where )\ balances score-based denoising supervision and geometry-consistent preference learning.

3.3 Stage 2: appearance rendering

In the second stage, our goal is to generate a realistic RGB image that reflects the scene after object
removal, as defined by the updated geometry from Sec.[3.2] We formulate this task as a conditional
image translation problem, where the appearance of the output image is controlled by the geometric
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(a) Effect of direct preference optimization (DPO) in Stage 1. (b) Stage 2: Appearance rendering.

Figure 3: (a) We compare model outputs trained with and without our DPO objective (i.e., Lg).
Without DPO, the model often inserts or retains undesired content in the masked region, leading to
unrealistic geometry. With DPO, the model learns to prefer geometry completions that successfully
remove the object while preserving surrounding structures. (b) The training framework of Stage 2.
Given geometry-aware conditions (e.g., depth maps), we train a diffusion model to perform image
translation for both object removal and insertion.

transformation between two depth maps. As illustrated in Fig.[3b} the model takes as input a masked
RGB image and two geometry-aware conditions: Conditionl and Condition2. Both conditions are
represented as depth maps: Condition] encodes the geometry of the input image (e.g., with an object
present), while Condition2 defines the target geometry (e.g., with the object removed). The difference
between Condition] and Condition2 specifies the structural transformation to be performed. For
example, if Condition2 removes an object that exists in Condition1, the model is guided to erase that
object and inpaint a realistic background. Conversely, if Condition2 introduces a localized depth
discontinuity compared to a flat Condition1, the model learns to insert a visually plausible object.

Formally, we define G as a geometry-conditioned image translation model based on a diffusion
backbone. The model takes as input a RGB image and a pair of depth maps indicating the geometry
before and after editing. Let /= and I ™ denote the input and output images, and let x, and xf{
represent the corresponding depth maps before and after editing. The model learns to perform both
object removal and insertion through the following bidirectional formulation:

I" =6 |zg,aq), I~ =G [ag,z). (10)

Further details of the loss formulation for this stage are provided in Appendix [A]

4 Experiments

Implementation details. The depth estimator D is implemented using Depth Anything [32]]. For
both geometry removal model (sg) and appearance rendering model (G), we adopt FLUX.1-Fill-
dev [8] as the pre-trained diffusion backbone, and apply LoRA [33] fine-tuning with a rank of 64.
All images are processed at a resolution of 1024x1024. For both stages, we use a batch size of 24, a
learning rate of 1 x 10~*, and a guidance scale of 1.0. The text prompt “a beautiful scene” is used
during both training and inference. Stage 1 is trained for 17,000 steps on 8 NVIDIA H100 GPUs,
taking approximately 24 hours, while Stage 2 requires around 60 hours for the same number of steps.

Datasets & Metrics. We use the training set from the RORD [34] dataset as our primary training
data. RORD is a large-scale real-world object removal dataset consisting of 516,705 images captured
under 3,447 unique indoor scenes. Each scene contains paired images with and without the target
object, along with manually annotated object masks. The dataset is designed to support training and
evaluation for object removal and scene completion tasks in realistic environments. For evaluation,
we follow prior works such as SmartEraser [21] and OmniEraser [9]], We use both RORD-Val and
RemovalBench [9]] as our primary benchmarks. Moreover, we follow prior works [35] 9] and adopt a
set of metrics to evaluate image generation quality. We use Frechet Inception Distance (FID)[36],
CLIP Maximum Mean Discrepancy (CMMD)[37]], Aesthetic Score (AS)[38], Learned Perceptual
Image Patch Similarity (LPIPS)[39] and Peak Signal-to-Noise Ratio (PSNR) [40].



Table 1: Comparison with state-of-the-art methods on RemovalBench and RORD-Val.

Method RemovalBench RORD-Val

FID | CMMD | LPIPS | PSNR T AS 1| FID | CMMD | LPIPS | PSNR 1 AS 1
ZITS++ [41] 108.38 0.374 0.158 19.62 4.56|107.44 0.448 0.274 21.17 4.12
MAT [19] 123.78 0.366 0.164 17.88 4.51|136.53 0.455 0.281 19.18 4.38
LaMa [42] 99.88  0.351 0.156 18.72 4.55(100.21 0.294 0.229 20.50 4.23
RePaint [20] 102.65 0.741 0378 19.86 4.38|114.64 2.345 0.525 17.68 4.71
BLD [43] 128.66  0.553 0.233 1743 4.39(224.61 0.862 0.273 17.13 4.74
LDM [7] 108.79  0.365 0.157 19.24 4.47(128.19 0.506 0.221 19.02 4.12
SD-Inpaint [[7] 119.60 0.419 0.274 17.02 4.48|143.69 0.494 0.308 16.83 4.61
SDXL-Inpaint [7] 104.97 0.398 0.187 17.87 4.63|147.01 0.460 0.210 17.69 4.76
BrushNet [35] 120.97 0.549 0.191 18.68 4.63|234.87 0.745 0.293 16,51 441
FLUX.1-Fill [&] 115.79 0.487 0.193 17.12 4.59(141.39 0.450 0.217 1850 4.55
PowerPaint [44] 114.55 0.392 0.240 1825 4.56(102.33 0.408 0.241 1829 4.38
CLIPAway [3] 108.40 0.272 0.254 1878 4.48|81.28 0.545 0.278 1636 4.19
Attentive-Eraser [45]| 55.49  0.232 0.146 20.60 4.50|96.77 0.233 0.221 20.24 4.77
OmniEraser [9] 39.52 0.208 0.133  21.11 4.66|43.71 0.153 0.166 22.13 4.99
Ours 29.88 0.089 0.124 25,52 454|31.15 0.182 0.103 23.70 4.69

Table 2: Ablation study on RORD-Val to evaluate the effectiveness Table 3: Geometry removal
of our design components. “Insert.” denotes the percentage of cases accuracy (MAE in masked re-

where a new object is wrongly inserted into the removal region. gion) on RORD-Val.
Method [FID | CMMD | LPIPS | PSNR 1 AS ffnsert. | Method IMAE |
One-Stage 56.24 0.577 0315 17.52 4.27|2.81% Input depth ‘ 0.0827

Two-Stage w/o DPO(34.24 0.230 0.131 22.81 4.51{5.09% Two-Stage w/o DPO|0.0490
Two-Stage w/ DPO (31.15 0.182  0.103 23.70 4.69|1.48% Two-Stage w/ DPO |0.0387

4.1 Comparison with SOTA methods

We compare our method against state-of-the-art approaches on the RemovalBench and RORD-Val
datasets, as shown in Tab.|l} These baselines fall into two categories: strictly mask-aligned methods
and loosely mask-aligned methods. Strictly mask-aligned methods [20, [7, |19 5, 145] are limited in
their ability to handle contextual effects, since they are confined to the object region defined by the
user. In contrast, loosely mask-aligned methods can adaptively clean surrounding regions affected
by the object. Among loosely mask-aligned approaches, OmniEraser [9]] is the only open-source
method that supports causal visual artifacts removal. Although models like OmniPaint [11]] and
ObjectDrop [10] also aim to remove such effects, their code and models are not publicly available,
and we were therefore unable to include them in our evaluation. Across both benchmarks, our method
consistently achieves the best scores in FID, CMMD, LPIPS, and PSNR, demonstrating superior
visual quality and structure preservation in the removed regions.

4.2 Ablation study and discussion

Is the two-stage design necessary? Compared to prior one-stage approaches, our method intro-
duces two key innovations: (1) a two-stage design that explicitly decouples geometry and appearance,
and (2) the incorporation of geometric cues such as depth to guide object removal. To fairly isolate the
contribution of the two-stage architecture, we construct a one-stage version of our method that also
takes the masked RGB image and masked depth map as input to the diffusion model. This ensures
that both models operate on the same input modalities, and any performance gap can be attributed to
the architectural difference. As shown in Fig. |4 despite access to depth information, the one-stage
model often produces ambiguous or distorted edits due to the lack of explicit geometric guidance.
Quantitative results in Tab. 2| further confirm that the one-stage variant consistently underperforms
the two-stage models across multiple metrics. This supports the claim that it is the decoupled design,
rather than merely the inclusion of depth, that enables our model to reason more effectively. While the



Table 4: Removal performance of Table 5: Ablation study on the RORD-Val dataset comparing
causal artifacts on CausRem. unidirectional and bidirectional rendering strategies in Stage 2.

Method | ToU% 1t  Method [FID | CMMD | LPIPS | PSNR 1 AS 1

OmniEraser [9)] 68.29 Unidirectional rendering|38.43 0.215 0.136 23.58 4.19
Ours 73.76 Bidirectional rendering [31.15 0.182  0.103 23.70 4.69
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Figure 4: Comparison between our one-stage and two-stage object removal strategies. Two-stage
design improves edit quality by separating geometry reasoning from appearance generation.
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Figure 5: Depth errors caused by motion blur result in removal failure. Applying a simple Fill-in
strategy within the mask restores geometric contrast and yields correct removal.

two-stage design increases runtime, the gains in controllability and illumination consistency justify
the cost.

How does the DPO strategy help our model achieve better removal? To evaluate the effect of
Direct Preference Optimization (DPO), we compare our two-stage model with and without DPO
supervision (Lgr). As shown in Tab. |Z|, DPO significantly reduces the “Insert.” rate from 5.08%
to 1.48%, indicating its effectiveness in suppressing semantic hallucinations. This result suggests
that preference-driven learning helps the model better align with human expectations for clean and
plausible object removal.

How accurate is geometry removal in Stage 1?  To evaluate geometry removal quality, we compute
the mean absolute error (MAE) between the predicted and ground-truth depth maps within the masked
region, which corresponds to the object intended for removal. For reference, we also report the
MAE between the input depth map and ground-truth depth map in the same region, providing a
baseline for understanding the original geometric discrepancy. As shown in Tab.[3] our two-stage
model significantly reduces the depth error within the masked region, and incorporating DPO further
improves removal precision.

How effectively does our model remove causal visual artifacts? To evaluate our method’s ability
to remove causal visual artifacts, we construct the CausRem benchmark, consisting of 200 real-
world images (100 with shadows, 100 with reflections). Each image is manually annotated with
object masks and corresponding artifact masks (shadows or reflections). Representative samples are
provided in Appendix [E} To estimate where the model implicitly removes such artifacts, we compute
the pixel-wise absolute difference between the input and output within the annotated artifact regions.
A threshold is then applied to identify significantly altered pixels, indicating predicted residue areas.
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Figure 6: Qualitative comparison with state-of-the-art methods on CausRem.



To set a robust threshold, we analyze the boundary regions of the annotated causal visual artifact
masks, where pixel values transition between the artifact and the background. We find the average
difference in these regions to be approximately 20, which we adopt as a fixed global threshold. We
evaluate the predicted residue regions using IoU against the ground truth. As shown in Tab. ] our
method achieves 73.76% IoU, outperforming the previous state-of-the-art OmniEraser [9] at 68.29%.

Does bidirectional rendering improve performance in Stage 2? Tab. [5|demonstrates that bidirec-
tional rendering enhances Stage 2 performance by promoting more precise alignment between the
refined geometry and the synthesized image. By enforcing consistency in both removal and insertion
rendering directions, the model is encouraged to maintain structural coherence throughout the image,
leading to improved visual quality and reduced artifacts in the final output.

4.3 Qualitative comparison on CausRem

Fig. [6] shows a visual comparison of object and causal artifact removal (e.g., shadows, reflections) on
the CausRem dataset. Compared with state-of-the-art methods, our approach yields cleaner results.
Prior methods like Attentive-Eraser and CLIPAway often leave shadows or blur the background,
while OmniEraser may distort nearby textures. In contrast, our method removes both objects and
their effects cleanly by leveraging geometry-guided rendering, preserving background structure.

5 Failure case

Despite the overall robustness of our two-stage design, failures can still arise when the geometric
signal inside the mask is weak or unreliable. Typical situations include fast motion, translucency,
specular/reflective surfaces, occlusions, or low texture, where the “geometry-removed” depth becomes
nearly indistinguishable from the input (Fig. [5a). Because Stage 2 identifies removal targets by
differencing these two depth maps, the lack of geometric contrast prevents it from triggering removal.

We address this with a simple Local Max Depth Fill-in: for masked pixels lacking reliable estimates,
we propagate the maximum depth from a small local neighborhood (e.g., 10x 10 pixels). This
lightweight completion restores boundary contrast and enables Stage 2 to remove the target while
preserving a coherent background (Fig. [5b). Moreover, we provide additional challenging cases in
Appendix D] including transparent and reflective surfaces, self-emitting scenes, and failures from
incomplete masks, together with practical mitigations.

6 Conclusion

We present a geometry-aware, two-stage framework for object removal that effectively handles both
the primary object and its associated causal visual artifacts. By decoupling the task into geometry
removal and appearance rendering, our method achieves precise structural editing and seamless
image restoration. Extensive experiments across multiple benchmarks validate that our approach
outperforms existing methods in both quantitative metrics and visual quality, especially in challenging
cases involving shadows and reflections.

Broader impacts. Our work advances the controllability and accuracy of object removal systems,
which can benefit applications in autonomous driving, AR/VR content editing, and photo restoration.
However, the enhanced controllability of visual content manipulation also raises potential risks such
as deepfakes. Mitigating these risks requires responsible deployment, provenance tracking, and clear
guidelines for model usage.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [Yes], ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", it is perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.

* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state the scope and main contributions of
our work, including the proposed two-stage geometry-aware object removal framework and
the use of DPO-inspired training. These claims are supported by both theoretical motivation
and experimental validation (see Section 1 and 3 for the motivation and contributions, and
Section 4 for the empirical results).

Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
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Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: While a dedicated “Limitations” section is not included, we acknowledge the
main drawback—high computational cost from the two-stage pipeline—which is discussed
in our ablation study. Training time and memory usage are higher than one-stage baselines,
which may limit deployment in low-resource settings. However, our ablations also demon-
strate that this additional cost leads to substantial benefits, including improved structural
fidelity, better handling of shadows and reflections.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: The paper does not include formal theoretical results such as theorems or
proofs. While we introduce loss formulations and a DPO-inspired training objective (see
Section 3), these are part of the method design and do not constitute formal theoretical
contributions.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
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4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We describe all experimental settings in detail, including dataset preparation,
model architecture, LORA fine-tuning configurations, training hyperparameters (e.g., batch
size, learning rate, number of iterations), and evaluation metrics such as FID, LPIPS, and
PSNR. We also report ablations and visual results to support reproducibility (see Sections
4.1-4.3).

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We plan to publicly release the full code, pretrained models, and data process-
ing scripts upon acceptance. Although we do not include the code or data in the submission
to preserve anonymity, the paper provides sufficient experimental details (Sections 4.1-4.3)
to enable reproduction. We will include full implementation and reproducibility instructions
in the camera-ready version.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.
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¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We specify all experimental details in Sections 3 and 4, including dataset splits,
model architecture, training epochs, learning rate, batch size, optimizer (Adam), LoRA rank,
and loss functions.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: We report single-run quantitative results and do not include error bars or
confidence intervals. While this does not affect the main trends, statistical variation is not
explicitly analyzed in this version.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.
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8.

10.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CIL, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We report compute details in Section 4.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have reviewed the NeurIPS Code of Ethics and confirm that our research
complies with all stated guidelines. The data used are publicly available or synthetic, and the
task does not involve human subjects, privacy concerns, or potentially harmful applications.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Our work advances the controllability and accuracy of object removal systems,
which can benefit applications in autonomous driving, AR/VR content editing, and photo
restoration.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our model is task-specific and evaluated on academic benchmarks. We believe
it poses no significant risk of misuse that would require safeguards.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: All external assets used in this work are properly credited.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We introduce a new benchmark dataset annotated with object masks and their
corresponding causal visual artifacts (e.g., shadows and reflections). The dataset will be
released with full documentation, including annotation protocols, license terms, and usage
guidelines, upon acceptance.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: This work does not involve crowdsourcing or research with human subjects. All
experimental results are computed automatically without human annotations or subjective
evaluation.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The work does not involve research with human subjects and does not require
IRB or equivalent ethical approval.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: Large language models (LLMs) were not used in the development of the core
methods or experiments in this paper. Any assistance from LLMs was limited to language
refinement and did not affect the scientific content.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Additional detals about stage 2: appearance rendering

As described in Sec. 3.3] the appearance rendering model G learns to translate an input image
containing an object into a realistic RGB output where both the object and its associated causal
visual artifacts (e.g., shadows and reflections) are removed. This translation is guided by geometric
transformations predicted in Stage 1. Rather than using separate conditioning vectors, we train G
as a direct image-to-image diffusion model by concatenating the input image and geometry maps
into a single tensor. To enable this, we directly use the colorized depth maps xa' and z, produced in
Stage 1, which are already represented as 3-channel RGB-like images. This allows us to concatenate
them directly with the RGB image I~ along the width dimension, forming a single composite input
to the diffusion model.

The input to the appearance rendering model G is constructed by concatenating a masked RGB image
with its geometric representations before and after editing. Specifically, we define two composite
inputs for bidirectional training.

For object removal, the input is:
Iremoval _ COI]CBI(I_, xsr’ 356), Iremoval e RH><(3I/V)><37 (11)
and the corresponding target is:

Iinsert — COHC&t(I+, $3»7xa)’ Iinsert c RHX(SW)X3. (12)

For the insertion direction, the roles of input and target are reversed, i.e., (I inse“, I removal) forms the
training pair. This bidirectional setup allows the same model to learn both removal and insertion
through a unified diffusion process. The geometry maps xg' and z, are placed on the left side of the
RGB image, enabling G to directly observe spatial geometric changes. Since both depth maps are
colorized 3-channel tensors, they can be processed jointly with the RGB image without additional
modality-specific encoders. The model G is trained using a standard denoising score matching loss

]
]
where I; is a noisy version of I at diffusion timestep ¢, and w(t) is a predefined weighting function.

By jointly training on both directions, G learns to perform appearance synthesis conditioned on
structured geometry edits, ensuring that generated results align with both scene content and layout.

Lrender = B c [w(t) Hg([;mva', £) — V o log p(L{emO¥! | 7051

(13)
4 ]Et,e [w(t) Hg([tinsen’ t) _ vlinsen logp(]—insert | Iremoval)

B Additional qualitative comparison

To further validate the effectiveness of our geometry-aware framework, we present additional qual-
itative results on the CausRem dataset, which contains real-world scenes involving shadows and
reflections caused by removed objects.

As shown in Fig.[/] our method successfully removes both the object and its associated shadow, while
other methods either retain shadow residues or introduce undesired distortions in unmasked regions.
This highlights our method’s ability to preserve unmasked content while achieving consistent object
removal.

In Fig.|8] we provide additional comparisons in scenes with reflective surfaces. While baseline
methods often fail to fully remove reflections or generate artifacts, our model leverages geometry-
guided rendering to produce coherent appearances without explicit reflection modeling.

These results support our key insight: by removing the object structure in the geometric domain and
rendering appearances based on updated geometry, our framework can implicitly eliminate causal
visual artifacts and maintain visual consistency in challenging real-world scenarios.

C Additional perceptual metrics

In Tab. @ we additionally report SSIM [46]], DISTS [47], DreamSim [48]], FLIP [49], and CLIP-
IQA [50]] on RemovalBench and RORD-Val.
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Masked Image  Attentive-Eraser CLIPAway OmniEraser FLUX.1-Fill Ours

Figure 7: Qualitative comparison on CausRem highlighting shadow removal performance.
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Masked Image  Attentive-Eraser CLIPAway OmniEraser FLUX.1-Fill Ours

Figure 8: Qualitative comparison on CausRem highlighting reflection removal performance.

D Additional failure and challenging cases

Stage 2: transparent/reflective and self-emitting scenes. The third row in Fig.[Dashows semi-
transparent objects on a reflective table. After removing one cup, the direct reflection is removed
as well, while residual color bleeding remains in nearby reflections influenced by the removed cup.
As shown in the second row of Fig.[9a for self-emitting objects (e.g., colored bulbs), Stage 2 may
hallucinate a diffuse glow rather than cleanly removing the illumination. This behavior is undesirable
for removal, yet it indicates that the renderer has learned meaningful correlations between light and
its source, which could be useful if properly constrained.
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Table 6: Perceptual metrics on RemovalBench and RORD-Val. 1 higher is better, | lower is better.

Method RemovalBench RORD-Val

SSIM? DISTS] DreamSim| FLIP] CLIP-IQAT|SSIM?T DISTS| DreamSim] FLIP| CLIP-IQAT
CLIPAway 0.6298 0.1656  0.1572 0.1175 0.4973 |0.6074 0.1580  0.1304 0.1645 0.7986
Attentive-Eraser [45](0.7084 0.1168  0.0536  0.0854 0.4790 [0.7186 0.1243  0.0878 0.1174 0.7270
OmniEraser [9] 0.6367 0.1277  0.0539 0.1084 0.4339 |0.6071 0.1325  0.0675 0.1524 0.6646
Ours 0.7367 0.0770  0.0304 0.0863 0.4146 |0.8248 0.0798  0.0459 0.1026 0.7807

Input Image Depth Map Predicted Depth Map Removed Result

Depth Map Predicted Depth Map

(b) Stage 1 failure under incomplete mask: complete
versus partial masks yield success versus hallucinated
completion.

Color Bleeding

(a) Challenging scenes for Stage 2: transparent or semi-
transparent objects and self-emitting (light-source)
cases.

Figure 9: Challenging cases and failure analysis. (a) Residual color bleeding and hallucinated glow
can appear in reflective or lighting scenes. (b) Incomplete masks confuse Stage 1; simple dilation or
stronger segmentation mitigates this.

Input Image Depth Map Predicted Depth Map

Figure 10: Watermark removal with a pseudo—depth cue. Applying Local Max Depth Fill-in within
the watermark mask creates sufficient geometric contrast for Stage 2 to detect and remove the
watermark across both the lake and dock.

Stage 1: incomplete masks. Figure [0b]contrasts complete and partial masks for a semi-transparent
bottle. With a complete mask, Stage 1 removes the geometry as expected. With a partial mask, the
model attempts to complete the object, producing a hallucinated extra bottle. In practice this can be
avoided by simple mask dilation or by using stronger segmentation models (e.g., SAM?2) to provide
complete masks.

Watermark removal. Beyond geometry-related artifacts, our framework can handle scene-wide
watermarks with a light modification (Fig. [I0). In this example, the watermark spans both the
lake surface and wooden planks but lacks a reliable depth estimate. We apply the same Local Max
Depth Fill-in inside the watermark mask—assigning each masked pixel the maximum depth from
a small local neighborhood—as a pseudo—depth cue. Because Stage 2 selects removable regions
by differencing the input and geometry-removed depth maps, this injected cue provides sufficient
contrast for Stage 2 to identify and remove the watermark, showing that minimal conditioning tweaks
let our method generalize to non-geometric inpainting cases.
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E CausRem

We construct the CausRem dataset by collecting 200 high-quality images from the free stock platform
Pexelsﬂ including 100 images containing reflections and 100 with shadows. For each image, we
manually annotate the primary object along with its causal visual effects—reflections or shadows.

In the shadow subset, where multiple objects often co-occur, we randomly select two to three objects
per image for annotation. Each object and its corresponding shadow mask are stored using distinct
IDs to preserve one-to-one causal relationship. In the reflection subset, due to the presence of fewer
objects, we annotate only a single object-mask pair per image.

Fig.[TT]and Fig. [I2]illustrate representative annotation examples from the dataset.

Object 1 Object 2 Masked Image Image Object  Masked Image

Figure 11: Representative annotations in CausRem.
examples.

Image Object 1

Figure 12: Representative annotations in CausRem. Left: shadow examples; Right: reflection
examples.

3https://www.pexels.com
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