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1. WIPER-Bench

1.1. Dataset construction details

We collected videos from Pexels [1] and YouTube [2]
by searching for keywords such as “shadow”, “reflec-
” ”, “translucent”, “transparent”, “animal +
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tion”, “mirror
shadow/reﬂectton and “object + shadow/reflection”. We
avoided videos where a person’s face was clearly visible, to
maintain privacy and ethical reasons. In addition to simple
scenes, we also included complex videos containing discon-
nected associated effects or multiple co-occurring effects.
In total, we manually downloaded 52 candidate videos.

From each video, we selected at most two non-overlapping
2-second clips, resulting in 74 candidate samples.

All landscape videos were resized to a resolution of
480 x 848, and portrait videos were resized to 720 x 400.
We also resampled all videos to 24 fps. For annotation,
we manually labeled the object masks frame-by-frame us-
ing the SAM2 [20] demo interface. A few videos resulted
in huge segmentation errors when SAM?2 was applied and
were therefore discarded. After balancing category distri-
bution, our final dataset consists of 60 videos.

1.2. Examples and statistics

Given the collected data, the distribution of categories
is shown in Fig. Al. These statistics reflect the natural
availability of such phenomena in real-world videos. The
final dataset includes 25 reflection cases, 14 mirror cases,
11 shadow cases, and 16 translucent associated effects.
Additionally, 6 videos contain multiple associated effects,
and 12 videos include disconnected associations. Exam-
ples of multiple and disconnected associations are shown in
Fig. A2.
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Figure Al. Statistics and example cases from WIPER-bench for
evaluating object removal with associated effects.

Disconnected associations Multiple associations

Figure A2. WIPER-bench also includes naturally occurring com-
plex cases, such as disconnected associations and multiple co-
occurring associations.



2. Implementation details
2.1. Object-WIPER model details

We use pretrained Hunyuan-T2V model [10] as our
video-generation model. It consists of M/ = 20 MMDiT
and S = 40 single blocks. We the use RF-Solver [25]
sampler for inversion and denoising that has 25 time steps
through the model. We store and copy background feature
values for £k = 15 time steps and last » = 20 single (or
self-attention ). We use classifier free guidance (cfg) value
of 1 during inversion and 5 during denoising. We apply
adaptive masking for £k = 15 time steps and using all 40
single blocks. For all the MMDiT and single blocks, we ap-
ply attention scaling for 10 steps. We choose ¢ = 0.8 and
b = 1.2. To calculate the associated mask we use MMDiT
layers of intermediate time steps ¢; € {6,7,10}. To im-
prove readability, we summarize all symbols and notations
used in the paper in Tab. Al.

2.2. Baseline details

Training based methods: We compare our method against
several state-of-the-art object removal approaches, includ-
ing VACE [9], ProPainter [28], ROSE [18], and GenProp
[17]. ROSE and GenProp are trained to remove both ob-
ject and its associated effect, similar to it we want to do that
in a training-free way. For VACE, ProPainter, and ROSE,
we use the official checkpoints and publicly released imple-
mentations. As GenProp is not open-source, we contacted
the authors directly and obtained their predicted videos for
evaluation.

Training-free methods. Given our training-free approach,
we mainly compare our method with previous (open-
sourced) training-free approaches, including KV-Edit [29]
and Attentive-Eraser. Since these approaches are image-
based we implement for the video by running them frame-
wise. We extend KV-Edit for videos, as explained next.
KV-Edit-Video KV-Edit [29] demonstrates strong perfor-
mance on image-based object removal and is originally im-
plemented on the FLUX [ |]. However, performing object
removal independently on each frame does not account for
temporal consistency in videos. Given the architectural sim-
ilarity between FLUX and Hunyuan, and to ensure a fair
comparison, we extend KV-Edit to operate on the Hunyuan
video model.

Following their approach, we store all intermediate to-
kens and (self-attention) video key/value features during in-
version. We then reinitialize the tokens corresponding to the
object region and, during denoising, replace the tokens and
(self-attention) key/value features for the background re-
gion with those saved from inversion. Due to CPU memory
limitations, we exclude saving and restoring the key/value
tensors for the MMDIT blocks.

We illustrate an example of object removal in Fig. A3.

The (frame-wise) KV-Edit produces inpainted regions that
are temporally inconsistent across frames. Extending KV-
Edit to operate on video tokens improves temporal coher-
ence in the inpainted regions. However, KV-Edit-Video
still introduces boundary inconsistencies and noticeable ar-
tifacts because it copies background tokens and attention
features using a fixed mask. In contrast, our method em-
ploys a timestep-adaptive masking strategy that refines the
fixed mask avoids copying all background tokens, resulting
in both temporally and spatially consistent object removal.

Original
Video

KV-Edit

Figure A3. Object removal comparison. KV-Edit (frame-wise)
produces temporally inconsistent inpainting across frames. Ex-
tending the method to video latents, KV-Edit-Video, improves
temporal coherence, but this extension still introduces noticeable
artifacts along object—background boundaries.

OmnimatteZero OmnimatteZero [2]1] introduces a
training-free approach for generating video omnimattes.
One of their intermediate goals involves removing fore-
ground objects to get backgrounds. However, due to the
unavailability of public code and insufficient implemen-
tation details, we were unable to reproduce their method
and therefore could not include it in our comparisons.
Moreover, their primary focus is on producing omnimattes
and evaluating them on simulated datasets specifically
designed for that task.

In contrast, our objective is to remove objects from
real-world videos and to evaluate performance directly on
such real data. Unlike omnimatte datasets, which pro-
vide ground-truth background videos without objects, real
videos do not have ground-truth object-free references. To
address this gap, we also propose a new evaluation met-
ric, TokSim, tailored for assessing object removal quality
in real-world videos.

2.3. Evaluation metric details.

TokSim. Due to the lack of appropriate metrics for evaluat-
ing object removal in videos, we propose TokenSimilarity,
a token-level metric computed using image patch embed-
dings extracted from DINOv3. For each pair of consecutive
frames f and f+1, we first compute the union of their ob-
ject masks. If the object has been successfully removed, the



Table A1. Summary of notations used throughout the paper.

Variable Value Dimension Description
Tk 3IX(F+1)xHxW Input pixel video frames
Tk 3IX(F+1)xHxW Predicted pixel video frames
Z, 16 x (F/4+1) x H/8 x W/8  Video latent at timestep ¢ during inversion
Z; 16 x (F/4+1) x H/8 x W/8  Video latent at timestep ¢ during denoising
Z(j) 16 x 1 x H/8 x W/8 4 video latent frame during inversion
I1X(F+1)xHxW User provided binary object pixel mask
Mobi 16 x (F/4+1) x H/8 x W/8  Max-pool & repeat to align with video latent
1x (F/4+1)x H/16 x W/16 Max-pool to align with video tokens
1x (F/441) x H/16 x W/16 Estimated associated mask aligned with video tokens
MAE 16 x (F/4+1) x H/8 x W/8  Upsampled & repeat to align with video latent
I1x (F+1)xHxW Upsampled binary mask to align with pixel video
Mtob] 1x (F/441) x H/16 x W/16  Estimated adaptive mask at timestep ¢ aligned with video tokens
mP RO 1x (F/4+41) x H/16 x W/16 Estimated Proposal mask at timestep aligned with video tokens
Py P, - Input source and target text prompts, respectively
fr; f; Video and text feature embeddings, before attention
Ni; Nt Number of video patches and text tokens
dr;dr; d - Video feature dimension; Text feature dimension; Shared dimension
(Qr. K7, Vr); (Qr, K1, Vi) Nr xd; Ny xd Query, Key & Values for Video and Text tokens
AXY Nx x Ny Attention maps from X to Y (X,Y € {I,T})
RS(j) - 1x (F/4+ 1) x H/16 x W/16  Object response score for j* frame aligned with video token
c 0.8 - Attention scaling factor for background to object attention
b 1.2 Attention scaling factor for object to background attention
k 15 Number of timesteps for value feature saving (inversion) and copying (denoising)
T 20 Number of last single blocks for which value saving and copying happens

union of the masks defines the object-token region, which
should now resemble the surrounding background tokens
and remain consistent with the corresponding region in the
next frame.

For the tokens within the object region, we measure
their embedding distance to the corresponding tokens in the
ground-truth frame f, as well as their similarity to tokens in
frame f+1. Additionally, we compare these object-region
tokens with nearby background patches fy,,) within a 24-
pixel neighbourhood outside the union mask. These com-
parisons collectively quantify how well the removed region
integrates with its temporal and spatial context.

BG-PSNR. We evaluate background preservation by com-
puting the PSNR (Peak Signal-to-Noise Ratio) over the un-
masked regions of the video.

FG-flickering. Temporal flickering was introduced in
VBench [&] to assess the temporal quality of generated
videos. Building on this idea, we compute the L1 differ-
ence between consecutive frames, but restrict the evaluation
to the object region. For each pair of consecutive frames,
we take the union of their object masks and compute the L1
distance only within this region. By focusing on the former
object area, FG-flickering isolates the temporal stability of
the inpainted region, making it significantly more sensitive
to object-removal inconsistencies than global flicker met-
rics.

Text-alignment. We compute the cosine similarity between
the CLIP [19] embeddings of the output video frame and the
target text prompt.

Quality. We use DOVER [26] to measure overall video
quality. However, we observe that this global metric does
not reliably reflect the quality of object removal.

For videos containing associated effects, we expand the
original object mask by taking its union with the upsampled
(calculated) associated-effect masks. This augmented mask
more accurately separates the object ( + associated effect )
region from the background for evaluation.

3. Limitations

While our method is particularly impressive in identi-
fying the associated effects and removing them, we note
that the inherent nature of the training-free paradigm in
which our method operates in introduces several limita-
tions. Specifically, background preservation ability of our
method is limited by the reconstruction ability of the RF-
Solver Edit [25]. For example, the background PSNR of the
inversion—denoising reconstruction on the DAVIS dataset
is only 25.44dB. This indicates that even RF-Solver Edit
alone can introduce undesirable artifacts in the background
region during inversion and denoising.

Our approach is further bounded by the capacity of the
underlying video diffusion model and its VAE reconstruc-
tion. The video model may struggle with highly complex or
previously unseen cases, leading to degraded results. No-
tably, the background PSNR of the Video-VAE reconstruc-
tion on DAVIS (30.27 dB) is 3.7 dB lower than that of the
Image-VAE reconstruction (34.05 dB), highlighting a gap
in reconstruction quality that directly impacts background



preservation of our approach.

4. User studies
4.1. Interface and setup

We conduct human evaluation study to show the effi-
cacy of our method in the training-free regime as well as
the effectiveness of TokSimin estimating the object removal
ability of different methods. Specifically, we do 15 pair-
wise comparisons between our result and a baseline re-
sult randomly selected from one of the three training-free
algorithms, KV-edit [29], KV-edit-video [29] and Atten-
tive Eraser [22], for three separate questions, ‘Video Qual-
ity’, ‘Object Removal’ and ‘Background Preservation’. We
show the interface for user-study in Fig. A4. For the video

N,
Video Comparison Study

Which of the two, Video A and Video B has better video quality?

Which one of these two has the better video quality?

Object Removal Comparison Study

Given the input video, which of the two resuts has the better object removal?

Given the input video (mask overlayed depicting the cbject 1o be removed), in which ane of these two outputs is the object better
removed?

2

ion C: ison Study

Given the input video, which of the two restilts have better background preservation with respect to the input video?

Resuts

Given the input video (mask overlayed depicting the object ta be removed), in which one of these two outputs is the background
better preserved?

2
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Figure A4. User study interface. We ask the users three types
of questions related to video quality, object removal quality and
background preservation quality.

quality assessment, we show only the results from our ap-
proach and one of the baseline approaches and ask the ques-
tion, “Which of the two videos has better video quality?’.
For the object removal assessment, we show the input video
with the mask for the object to be removed overlayed and

the two results, and ask the question, ‘Given the input video,
which of the two results have better object removal?’. For
the background preservation study, we show the input video
with mask for the object to removed overlayed and the re-
sults, and ask the question, ‘Given the input video, which
of the two results have better background preservation with
respect to input video?’.

4.2. Analysis

Human Preferences: In total we collected responses
from 10 users across 45 pairwise comparisons, making it
a total of 450 responses. For video quality, our method was
preferred 96.67% of the times. For the object removal, our
method was preferred 90.67% of the videos, and for back-
ground preservation, our method was preferred 77.33% of
the times. As shown through metrics in the main paper, it is
expected that our method performs betters in terms of video
quality, object removal as opposed to background preserva-
tion.

TokSim and Human Preference Agreement: We also
obtained TokSim for each of the videos in the pairwise com-
parisons and determined which video was preferred if we
strictly assume higher TokSim scores is akin to better ob-
ject removal. We dub these as ‘“TokSim Preferences’. For
each of the 15 pairwise comparisons, we compare the Tok-
Sim preferences with perferences of 10 users and found that
TokSim preferences is 83.64% accurate with respect to hu-
man. This clearly shows the value of using the metric pro-
posed in being a strong replacement of human evaluation.

Inter-rater Agreement: Inter-rater reliability was as-
sessed using Fleiss « which is appropriate for evaluating
consistency among more than two raters who assign cate-
gorical judgments [4]. The observed x value of 0.72 indi-
cates substantial agreement amongst the raters suggesting
that they demonstrated a high level of concordance in their
evaluations and that the ratings are sufficiently consistent to
support subsequent analyses [12].

5. Associated Effects Localization details

Since only the object mask is provided and the associated
effects also need to be removed, we leverage the model’s
prior knowledge encoded in the unified text—video token
space within the joint-attention (MMDIiT) layers. For re-
flection and shadow cases, we use text tokens correspond-
ing to both the object and its effect to guide the removal pro-
cess. For mirror cases, where the reflected object is visually
real object, we found that using only the object-related text
tokens yields better localization.



5.1. Analysis on text tokens

For shadow and reflection associated effects, we empir-
ically find that using only object-text tokens or only effect-
text tokens fails to capture the full object—effect region. For
example, as shown in Fig. AS, using only “duck” text to-
kens highlights only the object, while using only “reflec-
tion” tokens produces incorrect and overly spread localiza-
tions. Therefore, we jointly use both token types, which
yields a compact and accurate localization of the object and
its associated effect.

“reflection” - -
=3 =
“A duck and its reflection dlfk 1
on the water.” “reflection”

Figure AS. Effect of text tokens on localization. Using only ob-
Ject-text tokens or only effect-text tokens leads to incorrect lo-
calization, whereas combining both yields accurate object—effect
masks.

5.2. Replacing m” 70 with M°%

We analyse whether the proposal mask m” % must be

computed using text guidance, or if the user-provided object
mask alone can serve as an adequate proposal. As shown in
Fig. A7, skipping the proposal-mask estimation step results
in masks that fail to capture the associated effects. This
highlights the importance of the text-guided proposal stage
for associated effect localization.

5.3. Limitation of M*” using OmnimatteZero

Generative-Omnimatte [ 13] and OmnimatteZero [21] es-
timates the associated-effect regions by selecting per-frame
high-response tokens conditioned on the user-provided ob-
ject mask M%7 . However, as shown in Fig. A7, this strat-
egy fails to correctly identify the associated-effect regions.

5.4. Limitation of Concept attention

We observe that text-to-image approaches [0, 7], which
use text prompts to localize concepts in images, struggle to
achieve the level of spatial precision required to distinguish
the object, its associated effects, and the background. As
shown in Fig. A6, concept attention often produces coarse
or ambiguous activations that fail to correctly isolate both
the object and its associated effects. This makes it non-
trivial to leverage such methods for accurate object (+asso-
ciated effect) separation from background. In contrast, our
text-to-video—based approach provides significantly sharper

and more consistent localization, enabling reliable identifi-
cation of both the object and its associated effects.

Input

Concept attention Ours

“zebra”  “reflection”

“water”

“reflection”

“cat” “mirror”

Figure A6. Comparison with concept attention [6]. We show the
(left) input image and (middle) activations for text concepts us-
ing Concept attention and (right) our estimated object-associated
effect. We observe that concept-attention struggle to precisely lo-
calize the object and its associated effects, while our text-to-video
approach provides accurate localization.

5.5. Ablation on masks.

We compare how would the combination of different
masking strategy helps. In Tab. A2, we compare on the sub-
set of DAVIS with associated effects. We observe that our
strategy of Adpative masking on M°% and adding MAF
outperforms any other combination of masking for object
removal.

Masking Strategy TokSim BG-PSNRT Text-align(x102)1
Mebi 27.69 22.11 25.69
MAE 26.75 21.69 25.16
Mebi g MAE 28.66 21.63 25.84
MY 27.19 22.37 25.56
M/E 28.52 21.99 26.20
(Mebi U MAE), 28.49 21.64 26.00
M2 UMAE (Qurs) | 29.32 21.64 26.54

Table_ A2. Ab[ation on DAVIS subset with associated effects.
MY MAE, M, (-) are the object, associated and time adapted
mask, respectively.

6. More experiments and ablations
6.1. Runtime and VRAM comparison

We compare the runtime and peak VRAM of our method
against training-free baselines. For fairness, we exclude
model-loading and I/O overheads (image/video loading and
saving) and report only the inference time. The results are
averaged over 10 runs on videos of size 25 x 480 x 848
(Frames x Height x Width) and shown in Tab. A3. As
shown in Tab. A3, our method achieves inference time com-
parable to existing training-free approaches, while surpass-
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Figure A7. Comparison of associated-effect mask localization.
Top: Our method accurately localizes both the object and its
associated effects. Middle: Replacing m®2° with the user-
provided M°% (i.e., skipping the proposal-mask estimation) re-
sults in masks that fail to capture the associated effects. Bot-
tom: Approaches used by OmnimatteZero [21] and Generative-
Omnimatte [13] are unable to correctly localize the associated-
effect regions.

ing them in object-removal quality. We note that VRAM us-
age largely depends on the memory requirements of the un-
derlying image or video generation model. Compared with
the video-based baseline, KV-Edit-Video, our approach
uses the same amount of memory while achieving superior
object removal.

Method Run-time| (sec) VRAM/ (GB) Removal Qualityt (Toksim)
KV-Edit [29] 323.85 22.47 23.17
Attentive-Eraser 305.52 10.52 30.82
KV-Edit-Video 551.35 30.53 28.68
Object-WIPER (ours) 354.69 30.53 32.80

Table A3. Run-time comparison. Our method achieves compara-
ble inference time

6.2. Trade-off between runtime vs. quality

The Tab. A4 details our method (Hunyuan backbone) on
Davis (480 x 848 x 25). Varying the number of steps reveals

a clear tradeoff between removal quality and inference time,
while peak VRAM remains constant.

#steps 10 20 25 50 100

Speed (s) 192.03 312.01 354.69 626.83 1134.04
Removal Quality (TokSim) 26.62 27.74 28.45 30.85 36.51
VRAM (GB) 30.53 30.53 30.53 30.53 30.53

Table A4. Run-time vs. quality trade-off

6.3. Comparison with more baselines

Beyond the main table, we also compare against several
training-based and training-free approaches i.e. FIoED [5],
Diffueraser [15], Minimax-Remover [31], InsVIiE [27],
Senorita-2M [30], Lucy-Edit [23], Ditto [3], ICVE [16],
Rorem [14]. We observe that our approach outperforms
these methods in object removal.

Data Metric  FIoED Diffueraser Minimax-Remover InsViE Senorita-2M Lucy-Edit Ditto ICVE Rorem Object-WIPER
TokSim  29.17 29.57 30.36 10.98 23.08 579 1111 27.32 30.89 32.80
DAVIS ~ BG-PSNR 2041 2613 2154 13.66 17.75 2069 1242 1847 2471 23.02
Text-align 25.81 26.23 26.16 23.44 24.26 22.86 2191 22520 26.12 26.63
TokSim 990 2327 2559 12.12 18.47 6.68 17.22 2452 2610 33.09
WIPER-Bench BG-PSNR 19.88  37.39 24.30 16.16 19.69 2204 1260 31.34 27.54 2753
Text-align 24.70 25.86 26.09 24.79 25.04 25.14 2377 2638 26.16 2691

Table AS. We compare our approach to more baselines.

6.4. Sensitivity to backbone

We observe consistent performance on DAVIS across
two different backbones (see Tab. A6 and Fig. A8), demon-
strating that our method is backbone-agnostic. Note that
for Wan2.2 (TI2V-5B) [24], we reused just the associated
masks from Hunyuan.

TokSim BG-PSNR FG-flicker Text-align Qual.

Ours (Hunyuan) 32.80 23.02 16.37 26.63 61.62
Ours (Wan2.2)  30.23 23.08 21.80 26.84  60.57

Table A6. Quantitative comparison of our approach using the Hun-
yuan and Wan2.2 models. We observe that our method achieves
consistent performance across different backbones.

Ours (H unuan

Original Video Ours (Wan2.2)

Original Video ~ Ours (Hunyuan)  Ours (Wan2.2)

Figure A8. Qualitative comparison of our approach using the Hun-
yuan and Wan2.2 backbones. Our method, implemented on both
backbones, cleanly removes the object and its associated effects.
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