ROSE: Remove Objects with Side Effects in Videos
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Abstract

Video object removal has achieved advanced performance due to the recent success
of video generative models. However, when addressing the side effects of objects,
e.g., their shadows and reflections, existing works struggle to eliminate these
effects for the scarcity of paired video data as supervision. This paper presents
ROSE, termed Remove Objects with Side Effects, a framework that systematically
studies the object’s effects on environment, which can be categorized into five
common cases: shadows, reflections, light, translucency and mirror. Given
the challenges of curating paired videos exhibiting the aforementioned effects,
we leverage a 3D rendering engine for synthetic data generation. We carefully
construct a fully-automatic pipeline for data preparation, which simulates a large-
scale paired dataset with diverse scenes, objects, shooting angles, and camera
trajectories. ROSE is implemented as an video inpainting model built on diffusion
transformer. To localize all object-correlated areas, the entire video is fed into the
model for reference-based erasing. Moreover, additional supervision is introduced
to explicitly predict the areas affected by side effects, which can be revealed
through the differential mask between the paired videos. To fully investigate the
model performance on various side effect removal, we presents a new benchmark,
dubbed ROSE-Bench, incorporating both common scenarios and the five special
side effects for comprehensive evaluation. Experimental results demonstrate that
ROSE achieves superior performance compared to existing video object erasing
models and generalizes well to real-world video scenarios. The project page is
https://rose2025-inpaint.github.io.

1 Introduction

Removing objects in visual contents represents a valuable technique with widespread applications
in both daily and industrial scenarios. This task targets to re-fill the masked region of objects
via reasonable and consistent content, regarding the context in surrounding environment. Prior
works [[15} 138} [14} 3] towards either image or video object removal have explored to leverage flow-
based pixel propagation to restore the masked region with neighboring information [44]], or adopt
the inpainting paradigm to directly generate the masked content [33[23]. Powered by the significant
capability of large-scale models [27, 8l (19 23] on generalized visual creation, the inpainting-based
methods exhibit satisfying erasing performance in diverse scenarios of image and video.

Despite the advanced performance, however, existing works are still restricted due to the lack of
paired training samples that follows real-world physical rules. The paired samples represents data
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Figure 1: Video object removal results generated by ROSE (zoom in for better view). Every two
lines are an example where the above is input video with mask and the bottom is inference result. We
sequentially show cases of various side effects studied in this paper.

with and without the object, where the object’s influence on the environment is correspondingly
changed, such as its shadow on the ground. Most works leverage the segmentation dataset, e.g.,
DAVIS [26]] and YouTube-VOS [40], to construct artificial pairs, either directly pasting an object from
another sample, or masking the object with zero value. While simple and scalable, these strategies
fail to reflect the side effects of object, e.g., shadows, reflections and lighting changes. Therefore,
models supervised by the artificial pairs typically generate unnatural outputs with side effects left
in environment. To tackle this, OmniEraser [38]] manages to filter out such image pairs from the
sequential frames in videos with static camera motion. However, when confronting with video object
removal, it is impractical to leverage higher dimensional data to construct the paired dataset.

To address these problems, we propose to prepare the paired video samples via 3D rendering.
Recent advancements on the rendering engines [[7]] make it practical to generate high-qualified and
strictly-aligned synthetic video pairs. We design a fully-automatic data preparation pipeline to create a
large-scale video set for object removal. More concretely, we collect a batch of base environments and
split them into multiple scenes containing various objects. Following that, the pipeline automatically
generates cameras focusing on the objects to be removed, and apply random camera trajectories. The
rendering engine enables us to activate or disable the object, and also precisely render the object
masks. Thus, we could obtain a list of triples consisting of the original video, edited video with object
removed, and the corresponding mask video, which contain perfectly simultaneous temporal contents.
Furthermore, we systematically study the various types of side effects in videos, including light
source, mirror, reflection, shadow, and translucency. Equipped with the data preparation pipeline, we
efficiently construct a comprehensive dataset including all the above side effects on diverse scenes.

To fully utilize the synthetic data, we present ROSE, an efficient framework based on video inpainting
to remove object in videos with their side effects. To help distinguish the object-interacted region



in environment, we directly feed the whole video into the model, in contrast to previous works that
lIs the object area with zero mask. The complete video serves as a powerful reference guidance
on model, to localize the side effects concerning the intrinsic attributes of the object. We also apply
random augmentation strategies on the mask to cope with various input in inference. Furthermore,
we introduce an additional supervision to explicitly predict the difference mask between edited and
original videos. We implement this by injecting a mask predictor based on the hidden representations
of the inpainting model. The aforementioned architectureR@EEre observed to enhance the
model's capability to attend and erase the side effects in videos.

To facilitate a comprehensive evaluation on the object removal results with side effects, we construct a
new benchmark, named ROSE-Bench, consisting of both realistic and synthetic video data. Through
extensive experiments, we demonstrate B@SEchieves state-of-the-art performance on video
object removal, and effectively adapts to real-world scenarios.

2 Related Work

Diffusion Transformers for Video Generation. Recent diffusion modeldlD, 28,(31,[32] have
shown strong performance in text-to-video generation. By integrating transfoi@drdiffusion
transformers (DiTs®5] improve video quality and temporal consistency. State-of-the-art methods
leverage large-scale video-text datas18[l] and hybrid architectures for ef ciency and delity.
Recent DiT-based latent diffusion models, such as Waig&[land MAGI-1 [1], excel in long video
generation: Wan2.1 uses causal 3D VAEs wiith56compression and ow matching for real-time
synthesis, while MAGI-1 employs an autoregressive DiT for chunk-wise generation with strict
causality. These advances underscore DiTs' strength in balancing quality, ef ciency, and control.

Video Inpainting. Early video inpainting methods primarily used 3D CNN& [86, [12] to

model spatial-temporal features, but their limited receptive elds hindered long-range propagation.
Subsequently, optical owl16, 22, [46] and homographydl, 4] were introduced to guide pixel
propagation. To improve ef ciency and accuracy, Zhou e#d].proposed ProPainter, combining
optical ow and attention mechanisms. Recently, with the rise of diffusion mab@I2g], diffusion-

based video inpainting has emerg&@,(20,(39,145,129]. Li et al.[23] proposed DiffuEraser, extending

the image inpainting model BrushNet[15] to videos via a two-stage training scheme.

3 Dataset Construction

3.1 Paired Erasing Videos Preparation using 3D data

Acquiring paired data samples that depict scenes with and without objects and their side effects
represents a signi cant challenge in object removal task. Though recent work explores generating
such image pairs from videos with static camera mot&8}, [it is impossible to obtain video pairs in

a higher dimension using this technique. To tackle this problem, we propose to utilize the adequate
3D data together with advanced game engime,the Unreal EngineT], to synthesize the paired
video data. As illustrated in Fig. 2, we present an automatic data preparation pipeline as follows:

Scene and Object SamplingWe begin by collecting large-scale virtual environments from public

3D asset platforms such as Fd). [Each environment is suf ciently complex and diverse, covering a
wide range of indoor and outdoor scenes, including urban settings, natural landscapes, and arti cial
constructions. We manually subdivide these base environments into smaller scenes, each containing
one or more candidate objects for removal. In total, we collect 28 high-quality environments and split
them into 450 unique scenes. The selected scenes include a wide variety of object types—both static
and dynamic—including vehicles, animals, plants, and more. This ensures a diverse training corpus
that enhances the generalization ability of the inpainting model.

Multi-view Generation with Object Masks. Given a sampled object in a scene, we randomly
assign multiple camera views with varying angles and distances within prede ned ranges. A key
advantage of using a 3D engine is the ability to generate accurate object masks via programmable
post-process shaders, avoiding reliance on segmentation madels¢r each object, we apply a
custom shader that renders the object in white and masks the rest in black, producing precise binary
masks. Per-frame mask videos are automatically generated through scripting.



Figure 2:Paired video preparation pipeline using 3D datawhich can be divided into: scene and
object sampling, multi-view generation with masks, valid view ltering and video data rendering.

Valid View Filtering. To ensure the quality of videos and avoid object-occlusion cases, we further
Iter out views by calculating the ratio of foreground pixels in the mask. Ratios lower than a threshold
suggest videos with insuf cient mask coverageg.,due to occlusion or mislabeling. Such videos
are discarded to avoid introducing noisy supervision into the training set.

Video Pair Rendering. After Itering, we render both the unedited (original) and edited (object-
removed) video sequences by toggling the visibility of the selected objects in the engine. The camera
moving is sampled from a pre-de ned set with random disturbég,,zooming in and out. All video

pairs are rendered at a resolutionl®0 1080and a frame length of 90 frames (6 seconds). Since

the camera trajectories and object placement are determined via scripted generation, the original
video, the corresponding mask video, and the edited video remain spatially and temporally aligned
on a per-frame basis. Such an alignment is critical for enabling pixel-wise supervised learning.

3.2 Categorize Side Effect in Videos

To improve the generalization ability of the model and its robustness under various complex real-
world conditions, we deliberately construct the dataset composed of six distinct categories. These
categories are carefully designed to simulate typical yet challenging side effects that commonly occur
in practical scenarios, such as object-light interactions, mirror re ections, and translucent materials.
By explicitly injecting such variations into the training process, we aim to equip the model with the
capacity to understand and handle diverse object-environment relationships beyond trivial inpainting
cases. We summarize the de nition of side effects on the environment as follows:

Common: Objects with minimal interaction with surrounding context, representing typical inpainting
cases. Their removal causes little disruption to spatial layout or visual semantics.

Light Source: This category includes objects that function as light emitters. Their removal changes
the global illumination, affecting shadows, re ections, and overall scene appearance.

Figure 3: lllustration of the variouside-effect categoriestudied in the dataset &#OSE
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Figure 4:The framework of ROSBMNe concatenate the noisy latents with the original input video and
masks, consumed by a video inpainting model. An additional difference mask predictor is introduced
to predict the correlated area in video, automatically computed from the input video pairs.

Mirror: Objects re ected in mirrors require spatial reasoning and semantic understanding to inpaint
both the object and its mirrored counterpart, ensuring visual consistency.

Re ection: Compared to the Mirror category, it emphasizes re ective surfaces like water, requiring
the model to infer and complete indirect visual cues from re ections.

Shadow: Shadows linked to objects require joint removal, making inpainting sensitive to lighting
and spatial structure to ensure coherence across both object and shadow regions.

Translucent: Semi-transparent objects expose the background with blending or refraction. Inpainting
must recover both visible cues and hidden structures for realistic restoration.

4 Method

4.1 Overview

In this section, we elaborate the model architecturBOBHEor conducting video object removal,

as illustrated in Fig. 4. In brieROSHEs implemented as an inpainting model continued from the
foundation video generative modeB5[ 18] (the Wan2.1 modeld5] in this paper). Following the
general architecture in diffusion-based inpainting mod&®s 3], we extend the model input with

the original input video together with object masks. Distinguished from the typical setting that
multiply the mask onto input video, we directly feed the whole video to assist the understanding on
environment. The input masks, with precise boundary generated by 3D engine, are further augmented
to enhance model robustness. To better supervise the model to localize the subtle object-environment
interactions, we introduce an additional difference mask predictor to explicitly predict the side effect
areas. We present the detailROSHkh the following sub-sections.

4.2 Reference-based Object Erasing

We start by formulate the video inpainting taskROSEGiven an input vided/ and a binary
mask sequencll , where the area of object to be removed is lled with valiyehe target is to

generate an object-erased vidéo For the video condition consumed by the model, most prior
methods 23, 5, 44, 36] follow a “mask-and-inpaint” paradigm, feeding the network with only the
non-objectare&¥ (1 M ), where indicates point-wise product. Suppose the noisy latents

of diffusion model as<, then the model input can be regardedasV (1 M );M]. Sucha
manner explicitly eliminate the object from input, and is friendly for model convergence. However,
when confronting the side effect removal, isolating the object from the model makes it challenging to
localize the object-related region. In contrast, recent work on image modality has explored to guide
the model with the masked region for referentd][ In this paper, we adapt such reference-based
erasing, modifying the model input g ; V; M ]. Experimental results suggest introducing the whole
video as guidance signi cantly increase the performance. We attribute the advancement that the inner



Figure 6: Comparison between the previous

Figure 5: Visualization of various mask auQmenbaradigm and our reference-based paradigm.

tation strategies adopted in training.

attention mechanism is effective for seeking the inter-region correlations in videos. Given the object
region as input, the model thereby leverage it prior knowledge to localize the side effect regions, thus
outperforms the model with masked video input. Furthermore, the complete video as input serves to
enhance the temporal consistency of output video, for introducing the original object-environment
interactions. The visualization comparisons between the two paradigms are shown in Fig. 6.

4.3 Mask Augmentation

In real-world applications, user-provided masks often vary in precision, size, and shape—ranging
from accurate segmentation maps to coarse bounding boxes or sparse point annotations. Since the
masks generated by 3D engine is perfectly accurate, training solely on such ideal masks can lead
to a performance gap at deployment. To mitigate this, we introduce a set of mask augmentation
strategies that simulate diverse mask types likely to appear in practice. As shown in Fig. 5, we adopt
ve variants: (i) Original mask a precise binary map from ground-truth annotationsf@int-wise

mask an extremely sparse point simulating minimal user input; Bdunding box masla coarse
rectangular region enclosing the target; (di)ated maskobtained via morphological dilation to
simulate loose annotations; and &foded maskgenerated by erosion to mimic under-segmentation.
These variants are randomly sampled during training, which exposes the model to diverse, imperfect
masks and improves its generalization to real-world inputs.

4.4 Explicit Supervision via Difference Mask Prediction

Beyond the diffusion loss targeting reconstruct the regions of object and its side effect, we introduce
an additional supervision intROSESpeci cally, we inject adifference mask predictanto the
framework, predicting binary masks indicating all the areas to be modi ed in video.

The core idea is to leverage the complementary information in the video pairs for training. When an
object is removed from a scene, it often leaves behind subtle but semantically signi cant side effects,
such as shadows, re ections, and occlusions. To explicitly guide the model in attending to these
regions, we compute a binary difference mask by comparing the original xigl@oR® " W and
its edited counterpary. The difference maskly 2 f 0;1g" " Y is de ned as:
( o -
TR A R
(thw ) _ 2 (1)
0; otherwise

where > 0is a xed threshold ( = 0:09in this paper). The resulting binary mask highlights
pixel-level differences induced by object removal and is downsampled to match the latent resolution,
yielding the ground-truth difference madk 2 f 0; 1gf h=s w=s,

Difference Mask Predictor. To guide the model in identifying regions in uenced by object
removal, we design a difference mask predi@or which takes as concatenated token features as
input, extracted from multiple transformer blocks. xe RE - Dwua denote the fused feature
sequence, whele = F, H, W, represents the total number of tokens &ngla is the aggregated
channel dimension after selecting and concatenating multiple transformer layers. The difference
mask predictor consists of a two-layer MLP that redudeg, to a scalar prediction per token. Its
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