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Figure 4. Training Framework of GenProp. Our framework integrates a Selective Content Encoder and a Mask Prediction Decoder on top
of the I2V generation model, enforcing the model to propagate the edited region while preserving the content in the original video for all
other regions. With synthetic data augmentations and task embeddings, our model is trained to propagate various changes in the first frame.

GenProp generates each frame v′t as:

v′t = G(E(V ), v′1, t), ∀t ∈ {2, . . . , T}, (1)

where G is the I2V generation model guided by the selective
content encoder (SCE), E(V ).

For training, we use synthetic data constructed from ex-
isting video instance segmentation datasets to create paired
samples (details given in Sec. 3.4). We define a data gener-
ation operator D that constructs training data pairs (vi, v̂i)
from an original video sequence V . Let D(V ) denote the
synthetic data generation operator applied to the original
video sequence, where:

(vi, v̂i) ∈ D(V ), ∀i ∈ {1, . . . , T}. (2)

Then V̂ = {v̂1, v̂2, . . . , v̂T } is the synthetic video sequence.
GenProp is trained to satisfy the following objective across
all frames i ∈ {2, . . . , T}:

min
E

T∑
i=2

L(G(E(V̂ ), v1, i), vi) (3)

where L is a region-aware loss designed to disentangle the
modified and unmodified regions, enforcing stability in the
unchanged areas while allowing for accurate propagation in
the edited regions (details in Sec. 3.3). To ensure that the fi-
nal output adheres to real video data distributions, synthetic
data is fed exclusively to the content encoder. The I2V gen-
eration model, however, uses the original video, preventing
the model from inadvertently learning synthetic artifacts.

3.2. Model Design
To preserve the unchanged parts of the original video and
only propagate the modified regions, we integrate two addi-
tional components to the base I2V model: Selective Content
Encoder and Mask Prediction Decoder, as shown in Fig. 4.

Selective Content Encoder. The architecture of our SCE
is a replicated version of the initial N blocks of the main
generation model, similar to ControlNet [59]. After each
encoder block, the extracted features are added to the corre-
sponding features in the I2V model, allowing a smooth and
hierarchical flow of content information. The injection layer
is one multilayer perceptron with zero initialization which
will also be trained. Furthermore, for bidirectional informa-
tion exchange, the features of the I2V model are fused with
the SCE’s input before the first block. This lets SCE be
aware of the modified regions so that it can selectively en-
code the information in the unchanged region as intended.

Mask Prediction Decoder. The Mask Prediction Decoder
(MPD) is designed to estimate the spatial regions requir-
ing editing, helping the encoder disentangle changes from
the unchanged content. While SCE utilizes the initial N
blocks of the I2V model, MPD mirrors this by using the
final block along with one multilayer perceptron (MLP) as
the final layer. It takes the latent representation from the
penultimate block, which contains rich spatial and temporal
information, and processes it through the MLP layer. This
restores the temporal dimension, matching it to the number
of video frames. The final output is trained to match the in-
stance mask of the video via an MSE loss [10] LMPD. This
guides the model to focus on the edited regions and signifi-
cantly improves the accuracy of the attention maps.

3.3. Region-Aware Loss
In our training process, we use instance segmentation data
to ensure that both the edited and unedited regions receive
appropriate supervision. We design a Region-Aware Loss
(RA Loss), shown in Fig. 5, to balance the loss of both re-
gions, even when the edited areas are proportionally small.

For an input video V̂ = {v̂1, v̂2, . . . , v̂T } and instance-
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Figure 5. Region-Aware Loss. This loss helps the model to disen-
tangle the edited region from the original content.

level masks M = {m1,m2, . . . ,mT }, where mt ∈
{0, 1}H×W indicates edited regions in frame v̂t, we apply
Gaussian downsampling over the spatial dimensions and re-
peat over the temporal dimension to obtain a mask m̃t that
is aligned to the shape of the latent representation of the
video. The loss is separately computed for the mask and
non-mask region, giving:

Lmask = Et∼U(1,T )

[
Ld(m̃t · vout

t , m̃t · vt)
]

and (4)

Lnon-mask = Et∼U(1,T )

[
Ld((1− m̃t) · vout

t , (1− m̃t) · vt)
]
,

where Ld denotes the diffusion MSE loss that measures
the pixel-wise error between the generated frame vout

t and
ground truth vt.

To further reduce the SCE’s influence on the masked re-
gions, we add a gradient loss Lgrad that minimizes the ef-
fect of the masked area in the encoder’s input. Instead of
computing second-order gradients, we approximate using a
finite difference:

∆f =
f(E(V̂ + δ))− f(E(V̂ ))

δ
(5)

where f(E(V̂ )) represents the encoder’s feature, and δ is a
small perturbation. The gradient loss is defined as:

Lgrad = Et∼U(1,T ) [m̃t · ∥∆f∥2] . (6)

The RA Loss L is a weighted sum of all three terms to en-
sure sufficient supervision on both masked and unmasked
areas:

L = Lnon-mask + λ · Lmask + β · Lgrad + γ · LMPD (7)

3.4. Synthetic Data Generation
Creating a large-scale paired video dataset can be costly
and challenging especially for video propagation, as it is
difficult to encompass all video tasks. To address this, we
propose to use synthetic data derived from video instance
segmentation datasets. In our training, we use Youtube-
VOS [54], SAM-V2 [39], and an internal dataset. However,
this data generation pipeline can be applied to any available
video instance segmentation dataset. Specifically, we adopt

a mix of augmentation techniques to the segmentation data,
tailored to various propagation sub-tasks: (1) Copy-and-
Paste: Objects from one video are randomly segmented and
pasted into another, simulating object insertion; (2) Mask-
and-Fill: The masked region undergoes inpainting, creat-
ing realistic edits within selected regions; (3) Color Fill:
The masked area is filled with specific colors, representing
basic object tracking scenarios. For (3), V will be sent to
E and v̂1 will be sent to G in Eq. 3. Each synthetic data
type aligns with a distinct task, enabling our model to gen-
eralize across diverse applications. Task embeddings cor-
responding to these augmentation methods are injected into
the model, guiding the model to adapt based on the aug-
mentation type. Note that despite the variety of data cre-
ation methods and tasks, the core function of SCE remains
consistent: encode the unedited information while the I2V
model maintains the generative capabilities to propagate the
edited regions. More details about each augmentation tech-
nique are provided in the Supplementary Material.

4. Experiments

4.1. Implementation Details
As GenProp is a general framework, we experiment with
both a DiT architecture similar to Sora [32] and a U-Net ar-
chitecture based on Stable Video Diffusion (SVD) [5] as the
base video generation model. For the former, it is trained for
I2V generation on 32, 64, and 128 frames at 12 and 24 FPS,
with a base resolution of 360p. SCE (24 blocks) and MPD
are trained while the I2V model is frozen. The results can be
upscaled to 720p using a super-resolution model. The learn-
ing rate is set to 5e-5 with a cosine-decay scheduler and a
linear warmup. An exponential moving average is applied
for training stability. A gradient norm threshold of 0.001
prevents training instability. Classifier-free guidance (CFG)
value is set to 20, and the data augmentation ratio is set to
0.5/0.375/0.125 for copy-and-paste/mask-and-fill/color fill.
In the RA loss, λ is 2.0, β is 1.0, and γ is 1.0. All exper-
iments were conducted on 32/64 NVIDIA A100 GPUs for
different architectures. We find that the DiT backbone has
a better video generation quality. Our main results are from
this DiT variant while the ablation studies are conducted
with the SVD-based architecture. Please refer to the Sup-
plementary Material for the results based on SVD.

4.2. Comparisons
As generative video propagation is a new problem, we com-
pare the SotA methods in each of the three sub-tasks of
GenProp. Note that our model is able to handle these tasks
within the same model and further cover additional tasks
such as outpainting as well as combinations of these sub-
tasks as shown in the bottom row of Fig. 1. We provide
extensive results in the Supplementary Material.
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“The man sits at couch and the background is Wildebeest crossing the Mara River.”“A goat slowly walking.”

Figure 6. Visual Comparison in Multiple Video Tasks. GenProp demonstrates versatile editing capabilities, (a) allowing seamless modifi-
cation of objects into those with vastly different shapes with independent motion and (b) enabling background edits. For object removal,
GenProp excels at (c) effectively removing object effects together with the object and (d) realistically reconstructing large occluded areas.
It is further able to perform instance tracking of objects and their effects when solid color fills are given as the first frame (see (e)).

Diffusion-based Video Editing In Fig. 6 (a) and (b), we
compare GenProp with other diffusion-based video edit-
ing methods, including text-guided and image-guided ap-
proaches. InsV2V [8] relies on instruction text for con-
trolling generation. However, due to its limited training

data, it struggles with significant shape changes and does
not support object insertion. Pika [2] also uses text prompts
to edit within a box region, but it performs poorly when
the object’s shape changes substantially and cannot han-
dle background edits or object insertion. AnyV2V [27]

17717



Method
Classic Test Set Challenging Test Set

PSNRm ↑ CLIP-T ↑ CLIP-I ↑ GenProp preference % PSNRm ↑ CLIP-T ↑ CLIP-I ↑ GenProp Preference %
Alignment Quality Alignment Quality

InsV2V [8] 28.999 0.3049 0.9737 60.00 60.00 28.842 0.2906 0.9718 81.82 75.00
AnyV2V [27] 32.090 0.3050 0.9676 95.56 86.67 28.338 0.3302 0.9576 97.78 95.56
Pika [2] 32.568 0.3226 0.9923 62.22 55.56 31.329 0.3023 0.9886 88.89 86.67
ReVideo [31] 31.765 0.3196 0.9777 75.56 71.11 29.920 0.3226 0.9798 84.44 82.22
GenProp (Ours) 33.837 0.3229 0.9825 - - 32.163 0.3336 0.9904 - -

Table 1. Video editing benchmark compared to existing models. PSNRm measures the consistency outside the edited region. CLIP-T and
CLIP-I measure text alignment and frame consistency. User study shows the percentage of users who preferred Ours over the compared
method on alignment (left) and quality (right). GenProp significantly outperforms the other methods on the Challenging Set.

Method CLIP-I ↑ GenProp Preference %
Alignment Quality

SAM + Propainter 0.9809 82.22 75.56
ReVideo [31] 0.9728 86.36 77.27
GenProp (Ours) 0.9879 - -

Table 2. Object removal comparison to other methods. GenProp
outperforms baselines on consistency, alignment, and quality.

is a training-free method that uses the first frame to guide
editing. While it handles appearance changes, it fails when
there are large shape or background modifications, often re-
sulting in degradation or ghosting effects. Like InsV2V and
Pika, it also cannot insert objects. We use ReVideo [31]
to manage large shape changes by first removing an object
and then re-inserting it, but this two-stage process has draw-
backs. The box-based region can cause blurry boundaries,
and object motion is affected by the original point tracking,
leading to accumulated errors. Additionally, the box region
limits its ability to edit complex backgrounds effectively.

Video Object Removal For object removal, we compare
GenProp with a traditional inpainting pipeline, where we
cascade two SotA models to achieve a propagation-like in-
painting, since traditional methods require a dense mask an-
notation for all frames: SAM-V2 [39] for mask tracking,
then Propainter [64] for inpainting the regions in the esti-
mated masks. As shown in Fig. 6 (c) and (d), GenProp has
several advantages: (1) no need for a dense mask annota-
tion as input; (2) removal of object effects like reflections
and shadows; (3) removal of large objects and natural fill-
ing within large areas.

Video Object Tracking We compare GenProp with
SAM-V2 [39] on tracking performance in Fig. 6 (e). Since
SAM-V2 is trained on the large-scale SA-V dataset, it is ex-
pected that SAM-V2 often produces more precise tracking
masks than GenProp. Additionally, GenProp is slower than
real-time tracking methods like SAM-V2. However, it has
notable advantages. Due to its video generation pretraining,
GenProp has a strong understanding of physical rules. As
shown in Fig. 6, unlike SAM-V2, which struggles with ob-

Method CLIP-T ↑ CLIP-I ↑
w/o MPD 0.3252 0.9834
w/o RA Loss 0.3261 0.9825
GenProp (Ours) 0.3316 0.9872

Table 3. Ablation study. Both MPD and RA loss can improve the
success rate of editing and the quality of the output video.

ject effects like reflections and shadows due to limited and
biased training data, GenProp can consistently track these
effects. This highlights the potential of approaching classic
vision tasks with generation-based models.

Quantitative Results We conduct a quantitative evalua-
tion on several test sets. For video editing (reported in
Tab. 1), we evaluate on two types of test sets: (1) Classic
Test Set, which is TGVE [51]’s DAVIS [36] part and its
“Object Change Caption” as the text prompt, focusing on
object replacement and appearance editing; (2) Challeng-
ing Test Set, which is 30 manually collected videos from
Pexels [1] and Adobe Stock [3] including large object re-
placement, object insertion and background replacement.
For (2), the first frame is edited using a commercial photo
editing tool. For Pika [2], we use the online boxing tool,
running it three times for each result. For ReVideo [31], we
select a box region, then to track appearance changes, we
use its code to extract the original object’s motion points.
For edits with significant shape changes, we first remove
the original object and then insert the new object, assign-
ing a future trajectory. For assessing the consistency in
the unchanged regions, we measure the PSNR outside the
edit mask, denoted as PSNRm. For cases with large shape
changes, we apply a rough mask over the original and edited
regions, only calculating the PSNR on areas outside these
masks. For text alignment, we compute the cosine similar-
ity between the CLIP [38] embeddings of the edited frame
and the text prompt (CLIP-T) [31, 34, 51]. For consistency,
we calculate the distance between CLIP [38] features across
frames (CLIP-I) [31, 34, 51]. As shown in Tab. 1, GenProp
outperforms the other methods on most metrics, especially
on the Challenging Test Set. Pika exhibits better consis-
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Figure 7. Visual comparison of model variants, showing the effect
of MPD training (top), RA loss (middle) and Color Fill (bottom).

tency on the Classic Test Set, as its bounding box performs
reasonably well when object shapes remain relatively un-
changed. ReVideo degrades on multiple objects.

For object removal, we collect 15 videos with complex
scenes, including object effects and occlusions, as existing
test sets lack coverage of these cases. For SAM, we click
on the object and side effects to ensure complete coverage.
As shown in Tab. 2, GenProp achieves the highest consis-
tency, while ReVideo may produce bounding box artifacts,
and ProPainter struggles with object effects.

As quality metrics often do not correctly capture the real-
ism of the generated results, we use Amazon MTurk [45] to
conduct a user study with a total of 121 participants. Each
participant views videos generated by GenProp and a ran-
dom baseline, along with the original video and the text
prompt. They are asked two questions: 1) Which video
aligns better with the instructions? 2) Which video is vi-
sually better? Participants then select one video for each
question. In Tables 1 and 2, we show the percentage of
time users prefer Ours over the competing baselines (align-
ment/quality). GenProp outperforms all baselines by a large
margin, especially on the Challenging Test Set.

4.3. Ablation Study
Mask Prediction Decoder In Tab. 3, we evaluate the ef-
fect of MPD on the Challenging Test Set, showing that it can
improve both Text Alignment and Consistency. As shown in

Fig. 7 rows 1 and 2, without MPD, the output mask is often
highly degraded, leading to worse removal quality. With-
out explicit supervision with MPD, the model may be con-
fused which part to propagate and which part to preserve
in the original video, causing partially removed objects to
reappear in the following frames. MPD helps the disentan-
glement and both the removal results and predicted masks
become more accurate with MPD, allowing for full object
removal even with heavy occlusion.

Region-Aware Loss In Tab. 3, we further test the effec-
tiveness of the proposed RA Loss on the Challenging Test
Set. A core challenge in GenProp is that SCE can mistak-
enly select all regions from the original video including the
edited areas, weakening the I2V generation ability due to
the reconstruction loss. As shown in Fig. 7 rows 3-5, with-
out RA Loss, the original object tends to gradually reappear,
hindering the propagation of the first-frame edit (the green
motor). With RA Loss, the edited areas are able to be prop-
agated in a stable and consistent way.

Color Fill Augmentation Color Fill augmentation is an-
other crucial factor for addressing the propagation failure.
While copy-and-paste and mask-and-fill augmentations al-
low the model to implicitly learn object modifications, re-
placements, and deletions, color filling explicitly trains it
for tracking, guiding the model to maintain modifications
made in the first frame throughout the sequence, with the
prompt “track colored regions”. As shown in Fig. 7 rows
6-8, changing the girl into a small cat is challenging due
to the significant shape difference. However, with color fill
augmentation, GenProp successfully propagates this large
modification throughout the sequence.

5. Conclusion
In this paper, we design a novel generative video prop-
agation framework, GenProp, that harnesses the inherent
video generation power of I2V models to achieve various
downstream applications including removal, insertion and
tracking. We demonstrate its potential by showing that it is
able to expand the range of achievable edits (e.g., remove
or track objects together with their associated effects) and
generate highly realistic videos, without relying on tradi-
tional intermediate representations like optical flow or depth
maps. By integrating a selective content encoder and lever-
aging an I2V generation model, GenProp consistently pre-
serves unchanged content while dynamically propagating
the changes. Synthetic data and the region-aware loss fur-
ther enhance its ability to disentangle and refine edits across
frames. Experimental results demonstrate its effectiveness,
establishing it as a robust, flexible solution that surpasses
prior methods in scope and precision. In the future, we plan
to extend the model to take in more than one key frame edits
and uncover additional video tasks that can be supported.
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Rädle, Chloe Rolland, Laura Gustafson, Eric Mintun, Junt-
ing Pan, Kalyan Vasudev Alwala, Nicolas Carion, Chao-
Yuan Wu, Ross Girshick, Piotr Dollár, and Christoph Feicht-
enhofer. SAM 2: Segment Anything in Images and Videos.
arXiv preprint arXiv:2408.00714, 2024. 3, 5, 7

[40] Xiaoyu Shi, Zhaoyang Huang, Fu-Yun Wang, Weikang Bian,
Dasong Li, Yi Zhang, Manyuan Zhang, Ka Chun Cheung,
Simon See, Hongwei Qin, et al. Motion-i2v: Consistent and
controllable image-to-video generation with explicit motion
modeling. In ACM SIGGRAPH 2024 Conference Papers,
2024. 3

[41] Chaehun Shin, Heeseung Kim, Che Hyun Lee, Sang-gil Lee,
and Sungroh Yoon. Edit-a-video: Single video editing with
object-aware consistency. In Asian Conference on Machine
Learning, 2024. 3

[42] Uriel Singer, Adam Polyak, Thomas Hayes, Xi Yin, Jie An,
Songyang Zhang, Qiyuan Hu, Harry Yang, Oron Ashual,
Oran Gafni, et al. Make-a-video: Text-to-video generation

without text-video data. arXiv preprint arXiv:2209.14792,
2022. 2

[43] Uriel Singer, Amit Zohar, Yuval Kirstain, Shelly Sheynin,
Adam Polyak, Devi Parikh, and Yaniv Taigman. Video edit-
ing via factorized diffusion distillation. In European Confer-
ence on Computer Vision, 2025. 2, 3

[44] Zachary Teed and Jia Deng. Raft: Recurrent all-pairs field
transforms for optical flow. In Computer Vision–ECCV
2020: 16th European Conference, Glasgow, UK, August 23–
28, 2020, Proceedings, Part II 16, 2020. 2, 3

[45] Amazon Mechanical Turk. Amazon mechanical turk. Re-
trieved August, 2012. 8

[46] Ruben Villegas, Mohammad Babaeizadeh, Pieter-Jan Kin-
dermans, Hernan Moraldo, Han Zhang, Mohammad Taghi
Saffar, Santiago Castro, Julius Kunze, and Dumitru Erhan.
Phenaki: Variable length video generation from open domain
textual descriptions. In International Conference on Learn-
ing Representations, 2022. 2

[47] Wen Wang, Yan Jiang, Kangyang Xie, Zide Liu, Hao Chen,
Yue Cao, Xinlong Wang, and Chunhua Shen. Zero-shot
video editing using off-the-shelf image diffusion models.
arXiv preprint arXiv:2303.17599, 2023. 3

[48] Xiang Wang, Hangjie Yuan, Shiwei Zhang, Dayou Chen, Ji-
uniu Wang, Yingya Zhang, Yujun Shen, Deli Zhao, and Jin-
gren Zhou. Videocomposer: Compositional video synthesis
with motion controllability. Advances in Neural Information
Processing Systems, 2024. 3

[49] Bichen Wu, Ching-Yao Chuang, Xiaoyan Wang, Yichen Jia,
Kapil Krishnakumar, Tong Xiao, Feng Liang, Licheng Yu,
and Peter Vajda. Fairy: Fast parallelized instruction-guided
video-to-video synthesis. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
2024. 3

[50] Jay Zhangjie Wu, Yixiao Ge, Xintao Wang, Stan Weixian
Lei, Yuchao Gu, Yufei Shi, Wynne Hsu, Ying Shan, Xiaohu
Qie, and Mike Zheng Shou. Tune-a-video: One-shot tuning
of image diffusion models for text-to-video generation. In
Proceedings of the IEEE/CVF International Conference on
Computer Vision, 2023. 3

[51] Jay Zhangjie Wu, Xiuyu Li, Difei Gao, Zhen Dong, Jin-
bin Bai, Aishani Singh, Xiaoyu Xiang, Youzeng Li, Zuwei
Huang, Yuanxi Sun, Rui He, Feng Hu, Junhua Hu, Hai
Huang, Hanyu Zhu, Xu Cheng, Jie Tang, Mike Zheng Shou,
Kurt Keutzer, and Forrest Iandola. CVPR 2023 Text Guided
Video Editing Competition, 2023. 7

[52] Jinbo Xing, Menghan Xia, Yuxin Liu, Yuechen Zhang,
Yong Zhang, Yingqing He, Hanyuan Liu, Haoxin Chen, Xi-
aodong Cun, Xintao Wang, et al. Make-your-video: Cus-
tomized video generation using textual and structural guid-
ance. IEEE Transactions on Visualization and Computer
Graphics, 2024. 3

[53] Jinbo Xing, Menghan Xia, Yong Zhang, Haoxin Chen,
Wangbo Yu, Hanyuan Liu, Gongye Liu, Xintao Wang, Ying
Shan, and Tien-Tsin Wong. Dynamicrafter: Animating
open-domain images with video diffusion priors. In Euro-
pean Conference on Computer Vision, 2025. 2

[54] Ning Xu, Linjie Yang, Yuchen Fan, Dingcheng Yue, Yuchen
Liang, Jianchao Yang, and Thomas Huang. Youtube-vos:

17721



A large-scale video object segmentation benchmark. arXiv
preprint arXiv:1809.03327, 2018. 5

[55] Hanshu Yan, Jun Hao Liew, Long Mai, Shanchuan Lin,
and Jiashi Feng. Magicprop: Diffusion-based video editing
via motion-aware appearance propagation. arXiv preprint
arXiv:2309.00908, 2023. 2, 3

[56] Wilson Yan, Andrew Brown, Pieter Abbeel, Rohit Girdhar,
and Samaneh Azadi. Motion-conditioned image animation
for video editing. arXiv preprint arXiv:2311.18827, 2023. 3

[57] Zhuoyi Yang, Jiayan Teng, Wendi Zheng, Ming Ding, Shiyu
Huang, Jiazheng Xu, Yuanming Yang, Wenyi Hong, Xiao-
han Zhang, Guanyu Feng, et al. CogVideoX: Text-to-video
diffusion models with an expert transformer. arXiv preprint
arXiv:2408.06072, 2024. 2

[58] Danah Yatim, Rafail Fridman, Omer Bar-Tal, Yoni Kasten,
and Tali Dekel. Space-time diffusion features for zero-shot
text-driven motion transfer. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
2024. 3

[59] Lvmin Zhang, Anyi Rao, and Maneesh Agrawala. Adding
conditional control to text-to-image diffusion models, 2023.
4

[60] Shiwei Zhang, Jiayu Wang, Yingya Zhang, Kang Zhao,
Hangjie Yuan, Zhiwu Qin, Xiang Wang, Deli Zhao, and
Jingren Zhou. I2vgen-xl: High-quality image-to-video
synthesis via cascaded diffusion models. arXiv preprint
arXiv:2311.04145, 2023. 2, 3

[61] Zicheng Zhang, Bonan Li, Xuecheng Nie, Congying Han,
Tiande Guo, and Luoqi Liu. Towards consistent video edit-
ing with text-to-image diffusion models. Advances in Neural
Information Processing Systems, 2024. 2

[62] Min Zhao, Rongzhen Wang, Fan Bao, Chongxuan Li, and
Jun Zhu. Controlvideo: Adding conditional control for one
shot text-to-video editing. arXiv preprint arXiv:2305.17098,
2023. 3

[63] Rui Zhao, Yuchao Gu, Jay Zhangjie Wu, David Jun-
hao Zhang, Jia-Wei Liu, Weijia Wu, Jussi Keppo, and
Mike Zheng Shou. Motiondirector: Motion customization
of text-to-video diffusion models. In European Conference
on Computer Vision, 2025. 3

[64] Shangchen Zhou, Chongyi Li, Kelvin CK Chan, and
Chen Change Loy. Propainter: Improving propagation and
transformer for video inpainting. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
2023. 7

[65] Bojia Zi, Shihao Zhao, Xianbiao Qi, Jianan Wang, Yukai Shi,
Qianyu Chen, Bin Liang, Kam-Fai Wong, and Lei Zhang.
CoCoCo: Improving Text-Guided Video Inpainting for Bet-
ter Consistency, Controllability and Compatibility. arXiv
preprint arXiv:2403.12035, 2024. 2

17722


