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A. Related Works

A.1. Image Inpainting
Recent progress in image editing is largely driven by deep
neural models [1, 5, 6, 13, 14, 25, 36]. Among these
methods, SD-Inpainting [6] and ControlNet Inpainting [32]
extend Stable Diffusion by fine-tuning on datasets of ran-
domly masked images paired with text prompts. Although
these adaptations generate visually plausible results, they
often drift from the input text and struggle to place objects
accurately according to the described semantics. To miti-
gate this issue, SmartBrush [47] and Imagen Editor [41] in-
corporate paired object-description data, yet they implicitly
assume that the masked region always contains an object,
which restricts their capacity for context-aware completion.
PowerPaint [57] instead learns task-specific prompts that
adapt to the mask, which strengthens the relationship be-
tween textual input and contextual surroundings and leads
to state-of-the-art performance in both context-aware in-
painting and text-guided editing. BrushNet [25] builds on
ControlNet to extract conditioning information and inject it
into a frozen diffusion U-Net, whereas Turbo-Fill [46] em-
phasizes efficiency by combining a few-step text-to-image
diffusion process with an inpainting adapter to achieve fast
and high-fidelity results. Flux-Fill [5], trained on the Flux
base model, likewise produces visually compelling inpaint-
ing outcomes. In addition, several methods focus on edit-
ing flexibility and object removal. Attentive Eraser [39]
proposes a tuning-free strategy that enables pre-trained dif-
fusion models to perform stable and effective object re-
moval. DesignEdit [23] introduces a simple yet powerful
approach for spatially flexible editing that first inpaints the
background and then applies a two-stage multi-layer latent
diffusion framework to modify each element independently.
RORem [29] adopts a semi-supervised human-in-the-loop
pipeline to curate high-quality paired training data, and Ob-
jectClear [54] integrates an object-effect attention mecha-
nism that guides the model toward target foreground regions
through attention masks.

A.2. Video Inpainting
Analogous to image inpainting, existing video inpainting
approaches can be broadly grouped into video object re-
moval and text-guided video inpainting. Within video ob-
ject removal, a line of work focuses on explicit removal
of target objects. FFF-VDI [28] propagates future-frame
latents to initialize masked regions and then fine-tunes an
image-to-video diffusion model to complete the corrupted

area. FloED [18] injects both optical-flow and text em-
beddings to guide removal. DiffuEraser [30] couples flow-
guided inpainting with DDIM inversion to attain higher fi-
delity. Senorita-Remover [59] relies on instruction-driven
prompts, using positive prompts to guide removal and neg-
ative prompts to suppress unintended content. Minimax-
Remover [58] employs a minimax optimization objective
that improves removal quality and prevents undesired ob-
ject regeneration. For text-guided video inpainting, re-
cent work addresses masked-region generation and edit-
ing under text prompts. VideoComposer [42] is an early
diffusion model for text-guided video inpainting that of-
fers multi-conditional control within a unified framework.
AVID [52] scales to sequences of arbitrary length from
natural-language prompts. COCOCO [60] improves con-
sistency and controllability using damped global atten-
tion and stronger text cross-attention. VIVID [20] pro-
vides a 10M-scale image video corpus for localized edit-
ing, which enables more capable text-guided inpainters.
MTV-Inpaint [49] unifies scene completion and novel ob-
ject insertion within a single framework. VideoPainter [4]
adopts a DiT-based architecture with a context encoder that
injects background cues into a pretrained video DiT to
achieve plug-and-play consistent inpainting. More recently,
VACE [24] introduces a video editing framework that con-
sumes multiple control signals to generate edited videos.
Remark. Despite notable successes, most inpainting sys-
tems remain unable to use a reference image to direct the
outcome inside the missing areas.

B. Dataset Setup Details

The dataset used to train our Stage 1 model consists of two
components, a filtered subset of WebVid-10M and our syn-
thetic dataset. The former provides large-scale and inex-
pensive video resources, while the latter focuses on videos
containing objects with rare and long-tailed textures. To
construct the synthetic dataset, we use Qwen3-14B [48] to
generate 2.2M prompts, which are then used for text-to-
image synthesis with Stable Diffusion 3.5 Large [38] and
text-to-video synthesis with Self-Forcing [21]. The Stage 2
model is trained on videos from Pexels[35], which leads to
improved aesthetic quality.
Dataset for ablation study. For the patch size ablation in
Table 4 of the main text, we consider a setting where the
reference image shares the same texture as the target object
but differs in shape and size. We denote this setting as a
patch size of 100%. To obtain such paired images, we em-
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Figure 1. Visual results of reference images generated by Flux-
Kontext for our ablation study. Only those reference images that
have a different shape from the source but share the same material
and dominant color are retained.

ploy Flux-Kontext [27] and leverage its image-to-image ca-
pability to generate reference images by reshaping the target
objects. We use the following prompt:

Prompt for Reference Image Generation

Reshape the {source object} into a {target
object} with same color and texture.

However, relying solely on Flux-Kontext to generate ref-
erence images is not sufficient, as we observed that many
of the resulting references are suboptimal as shown in Fig-
ure 1. Therefore, we further filter the generated images and
videos using GPT-5 [33], which yields a final dataset of only
10K video pairs and 8K image pairs for no-Jigsaw training.

C. Implementation Details

C.1. Training Details of Refaçade and Texture Re-
mover

Training Details of Refaçade During training, we ran-
domly resize and downsample frames. In addition, we ran-
domly drop the conditioning information with probability
0.1 by replacing the reference image with an all-white im-
age and its mask with all-black pixel value, so that classifier-
free guidance can be applied at inference time. The batch
size is 96 in Stage 1 and 32 in Stage 2, with constant learn-
ing rate of 1e-5.
Training Details of Texture Remover The training proce-
dure for the Texture Remover is similar to that of Refaçade.
We use DMD2 to distill the Texture Remover from 50 sam-
pling steps to 3 steps. Table 1 summarizes the key hyperpa-
rameters of Refaçade and the Texture Remover.

C.2. Inference Details of Texture Remover
At inference time, we provide the object mask together
with the input video and remove the background so that the
input matches the training format. The Texture Remover
then produces a sequence of texture free mesh videos that
are temporally aligned with the source video. The same

Table 1. Hyperparameter of Refaçade and Texture Remover.

Config

Model

Refaçade Texture Remover

Stage 1 Stage 2 Stage 1 Distill

Batch Size / GPU 1 1
Accumulation Step 4 1
Gradient Checkpointing True True
Optimizer AdamW AdamW
Learning Rate 1 × 10−5 1 × 10−5 5 × 10−6

LR Schedule Constant Constant
Time Sampling Uniform Uniform
Num GPUs 96 32 32 8
Training Steps 18000 2800 18000 300

Num Main Layers 24 24
Token Dimension 1536 1536
Parameters 2.0258B 1.7143B
Control Layer Indices 0,5,10,15,20,24,28 0,5,10,15,20,25
Pre-trained Model Wan2.1-VACE-1.3B Wan2.1-VACE-1.3B

Sample Steps 20 50 3
Sampler Flow UniPC [55] Flow Euler
Input Resolution(s) Multi-resolution Multi-resolution
Frame Count(s) Multiple frame lengths Multiple frame lengths

pipeline also supports single frame inference, which allows
us to obtain texture free conditions from still images. Dur-
ing inference, we disable classifier free guidance and use
three sampling steps. For video inputs, inference is per-
formed at a resolution of 480×832 with 81 frames, and for
image inputs it is performed at the original resolution.

C.3. Inference Details of Refaçade

Inference is conducted on a single A800.

Image editing. Editing a single image with resolution
480× 832 peaks at about 12 GB of GPU memory and takes
approximately 6.5 s. The Texture Remover accounts for
about 0.35 s, and the remaining overhead arises from VAE
encoding and decoding as well as the diffusion process. The
CFG scale is set to 1.5.

Video editing. Editing an 81 frame video at 480 × 832
peaks at about 20 GB of GPU memory and takes approxi-
mately 150 s. The Texture Remover contributes 5.5 s of this
runtime. The CFG scale is set to 1.5.

C.4. Inference Details of Baseline Methods

Most image and video editors rely on text prompts rather
than reference images. To accommodate such editors, we
use Qwen-VL-2.5 32B to generate captions for the ref-
erence image and then convert these captions into text
prompts. For editors that accept a reference image as input,
we directly feed the reference image into the model for in-
ference. The templates for generating prompts are detailed
below.



Template for Instructive Prompt Generation

You are given an image and a target object name:
{object name}.
1) Identify the dominant color tone(s) and the surface ma-
terial/texture of the main object in the image (choose the
largest/central salient object).
2) Write ONE imperative instruction to restyle
{object name} with that exact color and mate-
rial.
Rules: - 20–40 words, one sentence, NO ENTER.
- Mention color shade (e.g., dark brown, icy blue) and
material (e.g., chocolate texture, brushed metal, glossy
ceramic).
- No extra commentary.
For example, “Turn the dog into dark brown, covered with
chocolate texture”. If multiple objects, “Turn the bike and
man into dark brown, covered with chocolate texture”.
Please ONLY return the instructive prompt sentence.

Template for Descriptive Prompt Generation

You are given an image and a target object name:
{object name}.
1) Identify the dominant color tone(s) and the surface ma-
terial/texture of the main object in the image (choose the
largest/central salient object).
2) Write ONE descriptive prompt to describe
{object name} with that exact color and mate-
rial. Rules:
- 20–40 words, one sentence, NO ENTER.
- Mention color shade (e.g., dark brown, icy blue) and
material (e.g., chocolate texture, brushed metal, glossy
ceramic).
- No extra commentary.
For example, ”A dog in dark brown, covered with choco-
late texture”. If multiple objects, ”Bike and man in dark
brown, covered with chocolate texture.”
Please ONLY return the descriptive prompt sentence.

C.4.1. Image Baseline

Implementation Details of BrushNet. We adopt Brush-
Net with its released pretrained checkpoint together with the
Stable Diffusion XL base model to generate images at reso-
lution 1024 × 1024. The pipeline takes the original image,
its corresponding mask and a descriptive prompt as input.
We perform 50 denoising steps with a CFG scale equal to
5.0 and set brushnet conditioning scale to 1.0.
The generated images are then resized to the original reso-
lution for comparison with other methods.
Implementation Details of Controlnet-Inpainting. We
use the pretrained control block checkpoint together with
the Stable Diffusion 1.5 base model for inference. Input
images are first resized to resolution 512 × 512. We then
provide the source image and its corresponding mask to-

gether with a descriptive prompt to the inference pipeline.
We employ the default settings with 20 denoising steps and
a CFG scale is set to 7.5.
Implementation Details of Flux-Fill. We use the FLUX.1-
Fill-dev model and perform inference at the original image
resolution. The pipeline takes the source image, its corre-
sponding mask and a descriptive prompt as input. We set
the CFG scale to 30.0 and use 50 steps for inference.
Implementation Details of Flux-Kontext-Text. We use
the FLUX.1-Kontext-dev model conditioned on the instruc-
tive prompt. Inference is performed at the original image
resolution with 28 denoising steps and CFG is set to 3.0.
Implementation Details of Flux-Kontext-Image. We use
the FLUX.1-Kontext-dev model conditioned on both the
reference image and the instructive prompt. Inference is
performed at the original resolution of the source image and
mask using 42 denoising steps with a CFG scale equal to 2.5
and strength set to 1.0.
Implementation Details of HiDream-E1. We use the
HiDream-E1-1 model. The source image and mask
are first resized to resolution 768 × 768. We set
the CFG to 3, image guidance scale to 1.0 and
refine strength to 0.3. Both the instructive prompt
and the descriptive prompt are used as textual conditions as
shown below

Prompt for HiDream-E1

Editing Instruction {instructive prompt} Target
Image Description {descriptive prompt}

Implementation Details of HQ-Edit. We use the re-
leased pretrained checkpoint of HQ-Edit. Input images
are resized to resolution 512 × 512 before inference. We
set the CFG to 7.0, perform 30 denoising steps and set
image guidance scale to 1.5 while conditioning on
the instructive prompt. Finally, the generated images are
resized back to the original resolution for comparison.
Implementation Details of InsP2P. We use the released
pretrained InsP2P checkpoint for inference. Input images
are resized to resolution 512 × 512 in advance. We set the
text guidance scale text cfg scale to 7.5 and the image
guidance scale image cfg scale to 1.5 while condition-
ing the model on the descriptive prompt. We perform 100
denoising steps.
Implementation Details of NanoBanana. We call the of-
ficial NanoBanana API to generate edited images. Due to
the aspect ratio constraint in this API, we first resize input
images to resolution 1024×1024. The output image is then
resized back to the original resolution. The model is con-
ditioned on the source image, the reference image, and the
following textual prompt:



Prompt for NanoBanana

Keep the background unchanged. Replace the texture of
the {object} in the first image using the material from
the second image (the reference). Output only the edited
image.

Implementation Details of Qwen-Image-Edit. For Qwen-
Image-Edit, we perform inference at the original resolu-
tion of each input image. We run 50 denoising steps with
true cfg scale set to 4.0, conditioning the model on
the instruction prompt.
Implementation Details of Stable Diffusion3-Inpainting.
For Stable Diffusion3-Inpainting, we use the Stable
Diffusion3-medium base model. Inference is carried out at
the original resolution of the source image and its mask,
using 50 denoising steps with the CFG scale set to 7.0, con-
ditioned on the descriptive prompt.
Implementation Details of UltraEdit. For UltraEdit,
we use the pretrained UltraEdit checkpoint for inference.
The source images and masks are uniformly resized to
a resolution of 512 × 512 before sampling. We run
50 denoising steps with the CFG scale set to 7.5 and
image guidance scale set to 1.5, conditioning the
model on the descriptive prompt.
Implementation Details of Pair Diffusion. We use the
finetuned SDv1.5 for inference. Source images, source
masks, reference images and reference masks are all resized
to a resolution of 512 × 512. We run 30 ddim steps for in-
ference, conditioned on the descriptive prompts.
Implementation Details of Cross-Image Attention. We
use the pretrained SDv1.5 as base model. We use source
image as struct image, and reference image as appear-
ance image. Images are all resized to 512 × 512 in
advance. We set contrast strength to 1.67 and
swap guidance scale to 3.5. Inference is performed
using 68 denoising steps.
Implementation Details of ZeST. We use the pretrained
SD-XL and IP-Adapter [50] for inference. Images are all
resized to 512 × 512 in advance. Structural information
is provide by Depth. We set control scale to 0.9 and
brightness to 1.0. Inference is performed using 30 de-
noising steps.

C.4.2. Video Baseline
Implementation Details of AnyV2V. We adopt a two-stage
pipeline built upon I2VGen-XL [51]. In the first stage, we
apply DDIM inversion with 500 steps to obtain noisy latents
from the input video. In the second stage, we use Flux-Fill
to edit the first frame, conditioning the generation on both
the inverted latents from the first stage and the descriptive
prompt. We set pnp f t = 1, pnp spatial attn t =
1, and pnp temp attn t = 1. The input videos are re-
sized to a spatial resolution of 512 × 512, and the number

of frames is truncated to 36. We use a CFG scale of 9.0 and
perform 50 denoising steps. Finally, the generated videos
are resized back to the original resolution for comparison.
Implementation Details of COCOCO. We use the pre-
trained COCOCO checkpoint together with the Stable Dif-
fusion Inpainting model for inference. The input videos and
their masks are resized to a spatial resolution of 512 × 512
and truncated to 33 frames. We set CFG to 10.0 and perform
50 denoising steps, conditioning the model on the descrip-
tive prompt and using a negative prompt of “worst quality,
low quality”. Finally, the generated videos are resized back
to the original resolution for comparison.
Implementation Details of Ditto. We use a pretrained
LoRA with Wan2.1-VACE-14B. Inference is performed at
a resolution of 480 × 832 with 33 frames, conditioned on
the instructive prompt, while keeping all other settings at
their default configuration. The generated videos are re-
sized back to the original resolution.
Implementation Details of Flatten. We use Stable Diffu-
sion 2.1 as the base model. The input videos are resized
to a spatial resolution of 512 × 512 and truncated to 33
frames. We perform 50 denoising steps with CFG set to
15.0 and set inject step to 40, conditioning the model
on the descriptive prompt. All other settings follow the de-
fault configuration.
Implementation Details of ICVE. We use the pretrained
ICVE checkpoint together with the HunyuanVideo base
model. We follow the default parameter configura-
tion, resizing input videos to a resolution of 240 × 384
and truncating them to 33 frames. Inference is per-
formed with 50 denoising steps and CFG set to 6.0, with
embedded cfg scale set to 1.0, conditioning the model
on the instructive prompt.
Implementation Details of InsV2V. We use the pretrained
InsV2V checkpoint for evaluation. Input videos are resized
to a resolution of 384×384 and truncated to 33 frames. We
set text cfg to 7.5 and img cfg to 1.2, while keeping
all other parameters at their default settings. The generated
videos are resized back to the original resolution.
Implementation Details of InsVIE. We use the pretrained
InsVIE checkpoint together with the CogVideoX-2B base
model. Input videos are resized to a resolution of 480×720
and truncated to 49 frames. The model is conditioned on the
instructive prompt, with a negative prompt of “bad quality”,
while all other parameters follow the default configuration.
Implementation Details of LucyEdit. We use the Lucy-
Edit-1.1-Dev model for evaluation. Input videos are resized
to a resolution of 480×832 and truncated to 33 frames. We
set CFG to 5.0 and condition the model on the instructive
prompt, using empty prompt as the negative prompt. All
other settings follow the default configuration. Finally, the
generated videos are resized back to the original resolution.
Implementation Details of Señorita. We use the pre-



trained Señorita checkpoint with the CogVideoX-5b-I2V
base model for evaluation. Input videos are resized to
448 × 768 and truncated to 33 frames. The first frame
is edited by Flux-Fill and then used as the starting frame
for generation. We set CFG to 4.0 and perform 50 denois-
ing steps, conditioning the model on the instructive prompt,
while keeping all other parameters at their default settings.
Implementation Details of TokenFlow. We use Stable
Diffusion 2.1 as the base model. In the first stage, we apply
DDIM inversion with 50 steps to obtain noisy latents from
the input video. In the second stage, we set pnp f t = 0.8
and pnp attn t = 0.5. Inference is performed at the orig-
inal video resolution, with the number of frames truncated
to 40. We set CFG to 7.5 and condition the model on the
descriptive prompt, using the latents from the first stage to
guide 50 denoising steps.
Implementation Details of VACE. We use the Wan2.1-
VACE-1.3B model for inference. Input videos are resized to
a resolution of 480×832 and truncated to 33 frames. We set
CFG to 3.0, context scale to 1.0, and shift scale
to 1.0, and perform 20 denoising steps, conditioning the
model on the descriptive prompt and the reference image.
Empirically, we observe that directly feeding the original
video causes the model to copy the foreground and ignore
the control signals. To mitigate this, we convert the fore-
ground into a scribble-style representation while preserv-
ing the original background as input. Finally, the generated
videos are resized back to the original resolution.
Implementation Details of VideoPainter. We use the pre-
trained VideoPainter checkpoint with the CogVideoX-5b-
I2V base model. Input is resized to a resolution of 480×720
and truncated to 49 frames. The first frame is edited us-
ing Flux-Fill and serves as the starting frame for generation.
During inference, the foreground mask is dilated by 10 pix-
els. We perform 50 denoising steps with CFG set to 6.0,
conditioning the model on the descriptive prompt.
Implementation Details of Pair Diffusion and Flux-
Kontext-Image. We evaluate strong image-based editors
on video inference tasks, by applying them frame-by-frame.
All parameters follow the default configuration.

C.5. Evaluation Metrics Implementation
Implementation Details of Background Evaluation. We
first dilate original mask by 16 pixels to accommodate the
settings of some editing models. We then compute the av-
erage MSE, PSNR, SSIM, and LPIPS over the remaining
background region. For videos, these metrics are computed
on a per-frame basis and then averaged over all frames of
all videos.
Implementation Details of Foreground Evaluation. As
discussed in Sec. 3 of the main text, we use CLIPScore,
DINO, LPIPS, and DreamSim for foreground evaluation.
Specifically, we first crop the foreground regions from the

images or videos and resize them to match the spatial reso-
lution of the reference image. For CLIPScore, DINO, and
LPIPS, we use their corresponding base models to extract
features from both the generated images or videos and the
reference image, and then compute the cosine similarity be-
tween the two feature vectors, where a larger value indicates
higher similarity in material and color. For GLCM, we set
patch size=21.
Implementation Details of LLM Evaluation. Given the
source image or videos, the reference image, and the output
of one method, we ask GPT-5 [33] and Gemini-2.5-Pro [11]
to assign a score. The instruction is as follows:

Template for LLM Evaluation

You will receive three images:
A: the original image with a visible outline over the fore-
ground region (for localization only);
B: the reference image that shows the desired material/-
texture and color;
C: the candidate (edited) image to be evaluated.
Check ONLY the outlined foreground and return one in-
teger 0..4 (number of satisfied criteria):
1) Material application is reasonable and complete.
2) Color is similar to reference.
3) Structure preserved.
4) Background stays the same as the original.
Return ONLY the integer.

Implementation Details of User Preference. To evaluate
human preferences over different editing methods, we de-
sign a questionnaire that presents the results of various im-
age and video editing approaches. Participants are asked to
assess the outputs from multiple aspects and select all op-
tions they find satisfactory. The questionnaire instructions
are as in Figure 2.

D. Inference cost
We report wall-clock inference time and peak GPU memory
usage under the same settings, both image and video reso-
lution is 512×512 and video has 33 frames, using default
inference steps, on an A800 GPU. Results are reported in
Table 2 and 3.

E. LLM Consistency with Human Annotation
Following [43, 58], we compare the discrepancy between
LLM-based scores (GPT-5 and Gemini-2.5 Pro) and human
preferences on 90 samples. As shown in Table 4, Gemini-
2.5 Pro [11] exhibits preferences that are highly consistent
with human annotations, indicating that its scoring crite-
ria are closer to human judgments. GPT-5 [33], on the
other hand, shows larger discrepancies, suggesting that its
scores deviate more from human preferences and are gener-
ally stricter. Nevertheless, the relative ranking induced by



Table 2. Inference cost on videos.

Method COCOCO VACE VideoPainter AnyV2V Ditto Flatten TokenFlow ICVE InsV2V

Time (s)↓ 67.52 82.99 164.25 311.06 389.83 188.34 679.55 338.45 149.36
GPU (GB)↓ 32.42 32.48 39.54 16.64 42.97 16.08 33.84 34.41 16.14
Steps 50 20 50 50 50 50 50 50 20

Method InsVIE Lucy-Edit Señorita Pair Diff Flux-Ktx-I Ours (S1) Ours (S2) Texture Remover

Time (s)↓ 93.59 22.17 118.42 314.28 940.57 21.99 21.99 1.70
GPU (GB)↓ 31.05 27.66 30.04 12.13 35.85 14.88 14.88 13.53
Steps 50 50 50 30 28 20 20 3

Table 3. Inference cost on images.

Method BrushNet CtrlN-Inp Flux-Fill SD3-Inp Ultra-Edit Flux-Ktx-I Flux-Ktx-T HiDream HQEdit

Time (s)↓ 4.31 3.37 8.54 1.38 2.95 29.62 29.62 44.93 1.47
GPU (GB)↓ 9.24 4.77 34.41 18.44 17.94 35.85 35.85 63.47 3.48
Steps 50 20 50 50 50 28 28 28 30

Method InsP2P Qwen-I-E Pair Diff ZeST Cross-I-Attn Ours (S1) Ours (S2) Texture Remover

Time (s)↓ 7.80 117.17 9.89 3.93 55.72 4.70 4.70 0.40
GPU (GB)↓ 19.16 59.67 12.13 14.35 15.13 10.63 10.63 9.85
Steps 50 50 30 30 68 20 20 3

Figure 2. Questionnaire for user study.

GPT-5 still aligns well with the comparative quality of the
different methods.

Table 4. LLM Consistency with human annotations.

Metric Human GPT-5 Gemini-2.5

Score 3.15 2.76 3.01

F. The Impact of CFG for Refaçade
To evaluate the impact of the CFG [19] scale, we conduct
experiments on the Pexels validation set. In particular, a
scale of 1 corresponds to using only the conditional infor-
mation without any unconditional guidance. As shown in
Table 5, increasing the CFG scale leads to a degradation in
background quality. When the CFG scale lies between 1.0
and 2.0, the background remains relatively stable, but it de-
teriorates rapidly once the scale exceeds 2.5. For the fore-
ground region, we observe that the best scores are mostly
concentrated around scales of 1.5 and 2.0, where the model
achieves strong material and color similarity to the refer-
ence. Figure 3 illustrates editing results on the same image
under different CFG scales. When the scale is set to 1.0, the
influence of the reference image is relatively weak: the mar-
ble streaks on the cup are sparse, and large regions remain
white. When the scale reaches 1.5 or higher, the marble
texture becomes much more pronounced. However, when
CFG ≥ 2.5, background distortions begin to appear; for ex-
ample, the wooden texture of the table becomes noticeably
darker. At a scale of 4.0, clear artifacts can be observed.

G. Performance of the Texture Remover
To evaluate the performance of the Texture Remover, we
render 50 pairs of textured and texture-free videos as our
evaluation dataset, each at a resolution of 480 × 832 with



Table 5. Ablation study for CFG scales. The LPIPS for background evaluates background perseveration, while LPIPS for foreground
evaluates the similarity between reference texture and generated content. CLIP, DINO and Dream are the abbreviations of CLIPScore,
DINOScore and DreamSim, respectively. The best results are boldfaced, and the second-best results are underlined.

Scale
Background Foreground LLM Evaluation

MSE↓ PSNR↑ SSIM↑ LPIPS↓ CLIP↓ DINO↑ LPIPS↓ Dream↑ GLCM↑ GPT-5↑ Gemini-2.5↑

1.0 28.68 36.82 0.9500 0.0322 0.7224 0.2386 0.6627 0.7303 0.8147 2.640 3.080
1.5 29.87 36.69 0.9485 0.0326 0.7331 0.2622 0.6540 0.7473 0.8967 2.763 3.280
2.0 30.82 36.61 0.9470 0.0333 0.7296 0.2653 0.6526 0.7403 0.8897 2.680 3.260
2.5 37.41 35.46 0.9402 0.0429 0.7364 0.2535 0.6680 0.7488 0.9010 2.760 3.020
3.0 101.04 30.85 0.8970 0.0916 0.7323 0.2559 0.6707 0.7387 0.8903 2.580 2.980

Source Reference scale=1.0 scale=1.5

scale=2.0 scale=2.5 scale=3.0 scale=4.0

Source Reference scale=1.0 scale=1.5

scale=2.0 scale=2.5 scale=3.0 scale=4.0

Figure 3. Qualitative visualization of Refaçade with CFG scales.
First 2 rows: patch size=10%; bottom 2 rows: patch size=100%.

33 frames. We use exactly the same camera parameters and
object motion for each pair to ensure strict correspondence.
Performance of the original Texture Remover. As shown
in Table 6, for the original Texture Remover, increasing the
number of inference steps reduces the reconstruction error,
but at the cost of substantially higher computation time.
In practice, using 50 inference steps is impractical, which
highlights the importance of distilling the model to operate
reliably with fewer steps.
The performance of distilled Texture Remover. We find
that CFG is unnecessary for the Texture Remover (as shown
in Table 6). Moreover, to further accelerate inference, we
reduce the original 50 denoising steps to 3 via distillation,

Table 6. Ablation study for inference steps and CFG scales of
primitive texture remover. The value of Ewarp falls within the
range of 1×10−3. The best results are boldfaced, and the second-
best results are underlined.

Infer Steps Scale MSE↓ PSNR↑ SSIM↑ LPIPS↓ EWarp↓ Time(s)↓

3 1.0 22.91 35.52 0.9719 0.0279 0.4872 5.7787
10 1.0 21.68 35.66 0.9729 0.0263 0.4523 9.2262
20 1.0 20.18 36.01 0.9741 0.0239 0.4383 18.5865
50 1.0 17.33 36.56 0.9767 0.0250 0.4407 46.7409
50 1.5 57.54 31.75 0.9674 0.0427 1.6259 93.7643
50 2.0 191.51 26.47 0.9510 0.0916 4.7785 93.7643
50 2.5 299.97 24.38 0.9408 0.1103 6.4976 93.7643

Table 7. Ablation study for distillation steps of texture remover,
inference step = 3. The value of Ewarp falls within the range of
1 × 10−3. The best results are boldfaced, and the second-best
results are underlined.

Distill Steps MSE↓ PSNR↑ SSIM↓ LPIPS↑ EWarp↓

100 19.41 36.04 0.9720 0.0300 0.4423
200 21.37 35.72 0.9729 0.0341 0.4533
300 19.16 36.55 0.9730 0.0371 0.4669
400 19.35 36.47 0.9724 0.0381 0.4739
500 19.51 36.40 0.9726 0.0373 0.4678
600 20.32 36.01 0.9739 0.0396 0.4983
700 25.57 31.11 0.9718 0.0331 0.6631
800 26.76 34.94 0.9693 0.0359 0.7460

making the Texture Remover fast enough to be integrated
into training. Table 7 reports the results of applying DMD2
distillation with different training steps and evaluating the
distilled 3-step models. Compared with the original (undis-
tilled) 3-step Texture Remover, the distilled variants consis-
tently achieve better performance. We ultimately select the
checkpoint distilled for 300 steps, as it attains the lowest
MSE and highest PSNR. Notably, when distillation contin-
ues beyond 600 steps, all metrics deteriorate rapidly, indi-
cating overfitting. Figure 4 compares the original Texture
Remover and the distilled variant under the same 3-step de-
noising setting. The original Texture Remover produces no-
ticeably blurred regions, which may interfere with subse-
quent Refaçade training, whereas the distilled Texture Re-
mover yields cleaner and more reliable results.



Table 8. Evaluation of different texture extraction strategies.

Method Foreground Motion LLM Evaluation
CLIP↑ DINO↑ LPIPS↓ Dream↑ GLCM↑ EWarp↓ GPT-5↑ Gemini↑

Org Ref 0.7406 0.3050 0.6249 0.7575 0.8286 1.4300 2.04 2.25
Features 0.7515 0.3241 0.6107 0.7684 0.8437 1.4410 2.78 3.11
Ours (S2) 0.7524 0.3241 0.6080 0.7742 0.8516 1.4248 2.82 3.25

Ground Truth Primitive (3 steps) Distilled (3 steps)

Figure 4. Qualitative comparison of the primitive Texture Re-
mover and its distilled variant at 3 denoising steps.

H. Evaluation on Challenging Dataset
H.1. Evaluation on Small-resolution Images
To further investigate the performance of different methods
on images, we conduct experiments on the ECSSD [37]
dataset. The image resolution in this dataset is relatively
low, typically between 200 and 500 pixels on the longer
side. We discard samples whose foreground mask area is
smaller than 5% or larger than 90%.

Table 9 reports the background preservation and fore-
ground texture similarity of all methods. All methods per-
form inference at the original image resolution. Our ap-
proach (Stage 1 and Stage 2) achieves the lowest MSE
and LPIPS, together with the highest PSNR and SSIM,
indicating the strongest background preservation. More-
over, Stage 2 further improves the retexturing ability over
Stage 1, showing higher texture consistency.

In Figure 5, although some methods can roughly turn
the train into a beige color, such as Qwen-Image-Edit and
Flux-Kontext-Text, they still fail to match the overall color
and texture of the reference image. This reflects a funda-
mental limitation of using text as the sole conditioning sig-
nal: even if beige color and fabric-like are explicitly men-
tioned, it is difficult to specify the exact RGB values in nat-
ural language, and even harder to describe them within a
short prompt. Current models also struggle to accurately
interpret such RGB-level textual descriptions.

H.2. Evaluation on Fast-Motion Videos
Editing fast moving objects in videos is particularly chal-
lenging. To evaluate this setting we conduct experiments
on the DAVIS [34] dataset. For a fair comparison we com-
pute all metrics on the first 33 frames of the output videos.

Table 10 shows that our method achieves state of the art
performance on the foreground background and LLM based

evaluation metrics, but performs worse in terms of EWarp,
indicating slightly reduced temporal consistency. We at-
tribute this limitation to the Texture Remover. Although we
synthesize its training set by rendering many pairs of videos
with fast moving objects, these data lack nonrigid deforma-
tions and only simulate motion through rotations of rigid
objects, which introduces a domain gap compared with real
world videos. Figure 11 provides some visual results.

I. Exploration for extracting texture
We retrain our model using: (i) original reference without
jigsaw; (ii) features extracted by image encoder combined
with Dinov2 and VGG as in Pair Diffusion. Raw pixels
without jigsaw performs worst on LLM evaluation, where
model only learns paste and crop as shown in Figure 6a.
Table 8 and Figure 6b show that extracting features via an
image encoder mitigates this issue, but still performs a little
weaker on color transfer.

J. Qualitative Results
J.1. Jigsaw doesn’t Break Global Texture
Jigsaw with small patch size breaks the global texture, but
increasing the patch scales will preserve more global infor-
mation. As shown in Table 4 (main text), the 100% patch
size (i.e., no jigsaw) achieves comparable performance. Re-
sults are shown in Figure 7.

J.2. Impact of Lightning on Reference Images
We handle lighting implicitly via supervision on real-world
videos with consistent lighting, preventing reference light-
ing copy. Results are consistent across variations in Fig-
ure 8.

J.3. Comparison with Different Conditions
Canny and Grayscale leak original texture, while depth
doesn’t contain fine-grained structure information. HED
sometimes leads to flattened results. Results are shown in
Figure 9.

K. Limitations and Failure Cases
K.1. Limitations
We believe that the main limitations of our method stem
from the Texture Remover. First, the capability of the Tex-
ture Remover is entirely inherited from Hunyuan3D [56].
Hunyuan3D is relatively insensitive to textual details, and
small characters in particular tend to be treated as tex-
ture noise and removed during image-to-mesh reconstruc-
tion. This behavior is then learned by the Texture Remover,
which causes Refaçade to miss certain fine-grained details.
Second, when training the Texture Remover we rely on 3D



Table 9. Evaluation on ECSSD image dataset. The LPIPS for background evaluates background perseveration, while LPIPS for foreground
evaluates the similarity between reference texture and generated content. CLIP, DINO and Dream are the abbreviations of CLIPScore,
DINOScore and DreamSim, respectively. The best results are boldfaced, and the second-best results are underlined.

Method Type
Background Foreground LLM Evaluation

MSE↓ PSNR↑ SSIM↑ LPIPS↓ CLIP↑ DINO↑ LPIPS↓ Dream↑ GLCM↑ GPT-5↑ Gemini↑

BrushNet [25]

Inpainting

361.22 24.63 0.8471 0.0592 0.7086 0.2069 0.7426 0.7358 0.8483 2.254 1.271
ControlNet-Inp [32] 113.14 29.80 0.8487 0.2386 0.6901 0.1808 0.7701 0.7077 0.8219 1.983 0.864
Flux-Fill [5] 1148.02 19.89 0.5431 0.1699 0.7200 0.2071 0.7190 0.7599 0.8475 2.034 0.983
SD3-Inpaint [15] 113.14 29.80 0.8487 0.0416 0.6901 0.1774 0.7701 0.7077 0.8219 1.797 0.932
Pair Diff [17] 170.62 27.78 0.7983 0.0494 0.7858 0.4680 0.6377 0.8268 0.8146 2.764 2.586
ZeST [10] 109.13 30.75 0.8459 0.0392 0.7620 0.3474 0.7220 0.8025 0.8564 2.702 2.586
Cross-Img Attn [2] 6344.89 13.46 0.3568 0.3191 0.7653 0.4732 0.6857 0.8189 0.8560 1.856 1.020
UltraEdit [53]

General

62.34 32.07 0.9049 0.0255 0.6837 0.1708 0.7679 0.7006 0.8257 2.644 1.763
Flux-Kont-I [27] 59.08 31.88 0.9133 0.0367 0.7918 0.4902 0.6418 0.8253 0.8754 2.407 0.847
Flux-Kont-T [27] 1651.74 20.02 0.5558 0.1038 0.6789 0.1719 0.7267 0.7029 0.8454 2.322 2.102
HiDream-E1 [8] 2402.24 22.39 0.7692 0.1282 0.7008 0.2073 0.7326 0.7223 0.8500 2.542 1.746
HQ-Edit [22] 7733.84 10.39 0.2732 0.3621 0.7017 0.2172 0.7461 0.7223 0.8314 1.288 0.983
InsP2P [7] 2779.51 15.93 0.4687 0.2177 0.6933 0.1760 0.7340 0.7155 0.8442 1.881 1.661
Qwen-I-Edit [44] 1596.50 20.19 0.5489 0.1369 0.6864 0.2156 0.7228 0.7135 0.8455 2.797 2.764
Ours(stage1)

Inpainting
23.45 37.66 0.9653 0.0095 0.7365 0.3177 0.6726 0.7809 0.8836 2.864 2.740

Ours(stage2) 24.73 37.99 0.9630 0.0101 0.7934 0.5050 0.6395 0.8407 0.8937 2.831 2.764

Src&Ref BrushNet ControlNet Cross-Img Attn Flux-Fill Flux-Fill-I Flux-Fill-T HiDream-E1

HQ-Edit InsP2P Pair Diffusion Qwen-Img-Edit SD3-Inpaint UltraEdit ZeST Ours

Instructive prompt: Paint the train in a soft beige color, giving it a smooth, slightly textured fabric-like appearance
reminiscent of tightly wound yarn.
Descriptive prompt: A train in creamy beige, crafted from matte fabric-like material, exudes a cozy aesthetic reminiscent
of artisanal craftsmanship.

Src&Ref BrushNet ControlNet Cross-Img Attn Flux-Fill Flux-Fill-I Flux-Fill-T HiDream-E1

HQ-Edit InsP2P Pair Diffusion Qwen-Img-Edit SD3-Inpaint UltraEdit ZeST Ours

Instructive prompt: Cover the building in a rich, warm brown tone resembling wood grain texture for a natural and rustic
appearance.
Descriptive prompt: A building in warm terracotta, crafted from smooth, polished clay with subtle wood-like textures.

Figure 5. Qualitative visualization on ECSSD. Each pair of rows uses the instructive and descriptive prompts shown below the images.



Table 10. Evaluation results on DAVIS dataset. The LPIPS for background evaluates background perseveration, while LPIPS for foreground
evaluates the similarity between reference texture and generated content. CLIP, DINO and Dream are the abbreviation of CLIPScore,
DINOScore and DreamSim, respectively. Ewarp is at the range of 1×10−3. The best results are boldfaced, the second-best are underlined.

Method Type
Background Foreground Motion LLM Evaluation

MSE↓ PSNR↑ SSIM↑ LPIPS↓ CLIP↑ DINO↑ LPIPS↓ Dream↑ GLCM↑ EWarp ↓ GPT-5↑ Gemini↑

COCOCO [60]
Inpainting

3353.94 14.10 0.5452 0.4981 0.6979 0.1055 0.8076 0.6967 0.7239 11.7707 1.644 1.644
VACE [24] 2175.58 15.24 0.6199 0.3409 0.7182 0.1699 0.7586 0.7141 0.7172 11.8412 2.033 2.433
VideoPainter [4] 262.14 24.91 0.8132 0.2425 0.7098 0.1573 0.7577 0.7105 0.7183 13.6478 1.811 1.700
AnyV2V [26]

General

1189.29 19.00 0.6139 0.3440 0.7182 0.1538 0.7533 0.7317 0.7231 12.4481 2.000 2.167
Ditto [3] 1882.43 17.51 0.6784 0.4238 0.6720 0.1149 0.8118 0.6880 0.7313 9.2721 1.300 1.333
Flatten [12] 3662.32 13.23 0.5597 0.5924 0.7131 0.1499 0.7524 0.7280 0.6837 11.2783 1.686 1.070
TokenFlow [16] 1165.58 18.18 0.6563 0.3972 0.7088 0.1311 0.7523 0.7241 0.7369 9.2764 1.778 1.133
ICVE [31] 1513.94 18.55 0.6501 0.4014 0.7018 0.1517 0.7856 0.7158 0.7154 10.8412 1.622 1.056
InsV2V [9] 3173.99 13.77 0.5379 0.6097 0.6900 0.1075 0.7602 0.7113 0.7158 12.4250 1.822 1.422
InsVIE [45] 4972.99 11.87 0.4316 0.5970 0.7091 0.1447 0.8144 0.7069 0.7253 31.3162 1.583 1.144
Lucy-Edit [40] 430.00 23.73 0.7680 0.2708 0.6966 0.1563 0.7576 0.6899 0.7232 13.2379 2.231 2.489
Señorita [59] 290.22 24.56 0.7739 0.3534 0.6987 0.1819 0.7456 0.6992 0.7094 8.6078 2.139 2.178
Pair Diffusion [17]

Image
241.90 25.73 0.7414 0.2123 0.7102 0.2337 0.6530 0.7263 0.7667 17.7545 1.866 1.908

Flux-Kont-I [27] 62.71 31.57 0.9005 0.0868 0.7058 0.2099 0.7025 0.7283 0.7523 30.0722 1.584 1.608
Ours(stage1)

Inpainting
51.33 32.20 0.9160 0.0805 0.7183 0.2108 0.6529 0.7269 0.7635 11.1025 2.622 3.150

Ours(stage2) 48.42 32.33 0.9163 0.0795 0.7221 0.2426 0.6373 0.7338 0.7681 10.8550 2.654 3.200

Source&Reference Raw Pixel Jigsaw

(a) Pixel-space injection comparison.
Source&Reference Features Jigsaw

(b) Feature-space injection comparison.

Figure 6. Visual comparisons of texture injection strategies. (a)
Raw pixel-level injection. (b) Feature-level injection.

meshes that are rendered into dynamic videos by translat-
ing or rotating the mesh. The reconstructed 3D object is
static and cannot deform, which leaves a gap with respect

Figure 7. Visualization results of global texture.

Figure 8. Visual results under different lightning.

to real-world videos where objects often undergo nonrigid
motion. Third, for videos with large motion, some frames
may contain motion blur. Such cases are absent from the
Texture Remover training data, so the model cannot handle
them well, which can lead to structural collapse and chaotic
geometry in some Refaçade outputs.

K.2. Failure Cases
As shown in Figure 10, our model tends to strictly follow
the texture of the reference image while overlooking the
aesthetic quality of the generated visual content. We at-
tribute this behavior to two factors. First, the CFG scale



Source&Reference Condition Output Texture Remover Output

Canny

Depth

Grayscale

HED

Figure 9. Comparison results of different conditions.

(a) Object merging introduced by mask dilation. (b) Texture remover struggles with extreme high-frequency details.

(c) Texture remover exhibits low sensitivity to textual information. (d) Refaçade sometimes fails to reshuffle patches properly.

Figure 10. Visual results of failure cases.

used in these examples is suboptimal. Better visual quality
can often be obtained by tuning this scale. Second, scenes
that contain untextured objects are more susceptible to re-
construction failures, which in turn lowers the overall suc-
cess rate of editing.

L. Future Works
In future work, we plan to expand the dataset used to train
the Texture Remover. Since the current meshes are all rigid
and relatively coarse, we aim to incorporate more detailed
4D meshes to enhance the remover’s capability and thereby
improve overall robustness. In addition, to further boost the
aesthetic quality of Refaçade, we plan to explore reinforce-
ment learning with reward models.



Source Reference Mask AnyV2V COCOCO Ditto Flatten Flux-Kontext-I ICVE

InsV2V InsVIE Lucy-Edit Pair Diff Señorita Tokenflow VACE VideoPainter Ours

Instructive prompt: Paint the train car and train engine in vibrant yellow, giving them a smooth, glossy plastic-like finish.
Descriptive prompt: Train car and train engine in vibrant yellow, featuring a smooth, glossy plastic-like finish.

Source Reference Mask AnyV2V COCOCO Ditto Flatten Flux-Kontext-I ICVE

InsV2V InsVIE Lucy-Edit Pair Diff Señorita Tokenflow VACE VideoPainter Ours

Instructive prompt: Transform the duck into alternating light and dark icy blue, adorned with a glossy ceramic texture.
Descriptive prompt: A duck in alternating light and dark icy blue, adorned with a glossy ceramic finish.

Source Reference Mask AnyV2V COCOCO Ditto Flatten Flux-Kontext-I ICVE

InsV2V InsVIE Lucy-Edit Pair Diff Señorita Tokenflow VACE VideoPainter Ours

Instructive prompt: Dress the person and dogs in vibrant green and creamy white striped attire, mimicking the glossy,
smooth texture of a ripe watermelon.
Descriptive prompt: A person and dogs in vibrant green and creamy white, adorned with a smooth melon-like texture.

Source Reference Mask AnyV2V COCOCO Ditto Flatten Flux-Kontext-I ICVE

InsV2V InsVIE Lucy-Edit Pair Diff Señorita Tokenflow VACE VideoPainter Ours

Instructive prompt: Turn the people into vibrant orange, covered with glossy silicone texture.
Descriptive prompt: Orange, glossy silicone teardrop-shaped people with textured ridges.

Source Reference Mask AnyV2V COCOCO Ditto Flatten Flux-Kontext-I ICVE

InsV2V InsVIE Lucy-Edit Pair Diff Señorita Tokenflow VACE VideoPainter Ours

Instructive prompt: Restyle the tractor into a glossy orange ceramic material.
Descriptive prompt: A tractor in warm orange, crafted from glossy plastic, stands as a barrier and obstacle, its smooth
surface reflecting light while its hump and features suggest resilience and strength.

Figure 11. Comparison results of Refaçade and baselines on DAVIS. Best viewed with Adobe Acrobat Reader; click to play.



Figure 12. Visual results of Texture Remover.



Figure 13. Visual results of Refaçade on images.



Figure 14. Visual results of Refaçade on videos. Best viewed with Adobe Acrobat Reader; click to play.
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