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Input video A giant man in a Japanese room with sunflower painting.

Figure 1: Showcases of our EasyCreator. We reformulate 4D video creation as a video inpainting
task. Given an input video, EasyCreatorenables 4D video creation with various camera trajec-
tories (bottom left on the input video’s first frame) and edited first frame (bottom right), while
maintaining multi-view consistency. In addition, it supports flexible prompt-based content editing
(e.g., adding a robot dog or sunflower painting).

ABSTRACT

We introduce EasyCreator, a novel 4D video creation framework capable of both
generating and editing 4D content from a single monocular video input. By lever-
aging a powerful video inpainting foundation model as a generative prior, we
reformulate 4D video creation as a video inpainting task, enabling the model to fill
in missing content caused by camera trajectory changes or user edits. To facilitate
this, we generate composite masked inpainting video data to effectively fine-tune
the model for 4D video generation. Given an input video and its associated camera
trajectory, we first perform depth-based point cloud rendering to obtain invisibility
masks that indicate the regions that should be completed. Simultaneously, editing
masks are introduced to specify user-defined modifications, and these are combined
with the invisibility masks to create a composite masks dataset. During training, we
randomly sample different types of masks to construct diverse and challenging in-
painting scenarios, enhancing the model’s generalization and robustness in various
4D editing and generation tasks. To handle temporal consistency under large cam-
era motion, we design a self-iterative tuning strategy that gradually increases the
viewing angles during training, where the model is used to generate the next-stage
training data after each fine-tuning iteration. Moreover, we introduce a temporal
packaging module during inference to enhance generation quality. Our method
effectively leverages the prior knowledge of the base model without degrading its
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original performance, enabling the generation of 4D videos with consistent multi-
view coherence. In addition, our approach supports prompt-based content editing,
demonstrating strong flexibility and significantly outperforming state-of-the-art
methods in both quality and versatility.

1 INTRODUCTION

Video generation foundation models (kel, 2024; Kong et al., 2024; Wang et al., 2025) have attracted
considerable attention and witnessed rapid progress in recent years. These models are capable of
synthesizing high-fidelity, temporally coherent videos from coarse user inputs such as text or image
prompts. As the capabilities of such models continue to evolve, there is an increasing demand for
more precise and controllable video generation (He et al., 2024; Ling et al., 2024; Wang et al., 2024a;
Xing et al., 2025), where additional modalities, such as audio (Xing et al., 2024¢), human pose (Hu
et al., 2023; Ma et al., 2024; Peng et al., 2024), or depth (Gen, 2023; Guo et al., 2024; Pang et al.,
2024; Xing et al., 2024b), are leveraged to guide content creation. These advancements aim to better
align the generated outputs with users’ creative intent and enhance the expressiveness and relevance
of the synthesized videos.

4D video generation is an emerging paradigm of controllable video synthesis that enables dynamic
content creation guided by camera trajectories. It has garnered increasing attention for its ability
to produce cinematic effects such as camera motion and bullet time, supporting immersive and
expressive visual storytelling. Recent approaches (Bahmani et al., 2024; Bai et al., 2024) typically
incorporate camera trajectories into pre-trained video generation foundation models by encoding them
as embeddings, analogous to text prompts. These methods often rely on multi-view datasets, synthetic
renderings, or monocular videos with annotated camera poses for model fine-tuning. However, despite
recent progress, several limitations remain, including a strong dependence on large-scale training
data, restricted input modalities, commonly limited to images or text, and limited controllability
over camera viewpoints. Notably, current methods lack support for video inputs and are unable to
transform user-provided monocular videos into coherent 4D representations.

To achieve more realistic generation results and enable the conversion of monocular videos into 4D
representations, recent methods (Jeong et al., 2025; Ren et al., 2025; YU et al., 2025; Zhang et al.,
2024) often decompose the task into two stages. The first stage employs existing depth predictors (Hu
et al., 2025) to estimate per-frame depth from monocular videos, generating dynamic point clouds
that are rendered along desired camera trajectories. This rendering process typically results in videos
with masked regions (holes) caused by occlusions or incomplete geometry. In the second stage, video
inpainting is applied to fill these holes and produce the final output. While dynamic point clouds
can now be reliably obtained using well-developed depth estimation techniques, appropriate video
inpainting models for this task remain underdeveloped. Consequently, current approaches often
rely on collecting additional data to fine-tune general-purpose image or text-to-video foundation
models for inpainting. However, since these foundation models are not originally designed for video
inpainting, they frequently fail to produce temporally consistent and visually realistic completions.
Moreover, such fine-tuned models typically do not support text-based editing during generation,
which significantly limits their flexibility and practicality for 4D video editing.

Fortunately, a powerful video inpainting foundation model, Wan2.1 (Wang et al., 2025) has recently
emerged, trained on large-scale datasets. However, we observe that it cannot be directly applied to
complete the masks (i.e., occluded regions) introduced by point cloud rendering, as such masks fall
outside its training distribution. In this paper, we propose EasyCreator, a novel 4D video generation
framework that reformulates 4D generation as a specialized video inpainting task. Our goal is to
unlock the potential of powerful video inpainting models for 4D reconstruction, enabling realistic,
flexible, and controllable results with minimal additional training. Specifically, we first utilize an
off-the-shelf depth predictor (Hu et al., 2025) to estimate per-frame depth maps, which are then
transformed and aggregated into dynamic point clouds. These point clouds are rendered using a
double-reprojection strategy (YU et al., 2025) to generate a sequence of masks from the target camera
viewpoint, projected back to the original camera poses. These masks correspond to occluded or
invisible regions caused by rendering and serve as the completion targets during 4D generation. In
addition, we construct an editing mask sequence to define regions requiring content modification.
The occlusion and editing masks can be used individually or combined, forming a composite mask
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dataset with three types of masks. During ne-tuning, we randomly sample one type of mask for each
training instance, allowing the foundation model to be suf ciently trained while supporting both 4D
generation and editing. Furthermore, we introduce a self-iterative tuning strategy that progressively
increases viewpoint diversity by reusing results from previously trained views as training data for
subsequent ones, improving stability under large camera motions.

To ensure multi-view consistency during inference, we present a temporal packing strategy that en-
hances coherence across frames and viewpoints by leveraging previously generated results as priors to
guide content completion within masked regions. We conduct comprehensive evaluations of EasyCre-
ator on both synchronized multi-view datasets and large-scale monocular video datasets. Quantitative
results and qualitative visualizations consistently demonstrate that our method outperforms existing
approaches in generating high- delity videos under novel camera trajectories.

2 RELATED WORK

Camera-controlled video generation. Following the success of text-to-video generation models (Bar-
Tal et al., 2024; Chen et al., 2023; Ho et al., 2022; Polyak et al., 2024; Singer et al., 2023), controllable
video generation with additional control signals, such as pose (Ma et al., 2024), depth (Esser et al.,
2023; Xing et al., 2024b), and sketch (Yuan et al., 2024; Meng et al., 2024; Xing et al., 2024a), has
been developed to generate videos adhering to users' intentions more precisely. Camera motion
control has been explored through motion LoRAs (Blattmann et al., 2023; Guo et al., 2023; Kuang
et al., 2024), enabling video generation with speci c camera movement patterns. For ner control, a
line of work has explored employing camera conditions through intrinsic and extrinsic matrix (\Wang
et al., 2024b), Plucker embedding (Bahmani et al., 2024; 2025; He et al., 2024; Li et al., 2025),
background-point trajectory (Feng et al., 2024; Wang et al., 2024b), point-cloud re-rendering (Yu
et al., 2024), or depth-based warping (Hou et al., 2024).

Diffusion-based video editing and inpainting. The eld of video editing has broad applications.
Early studies (Cao et al., 2023; Kawar et al., 2023; Wan et al., 2024; Meng et al., 2022; Liu et al., 2025)
developed training-free or ne-tuned text-driven editing methods on images. Some works (Cong
et al., 2023) extend text-to-image models, where TAV Wu et al. (2023) achieved video generation
through one-shot tuning, with later works (Ceylan et al., 2023; Chai et al., 2023; Ouyang et al.,
2023; Pumarola et al., 2021; Qi et al., 2023) improving temporal consistency. Video inpainting
is a subtask of editing, which utilizes the user-speci ed mask sequences to edit the content in a
video. Previous works can be classi ed into two categories: non-generative methods and generative
methods. Non-generative methods (Hu et al., 2020; Liu et al., 2021; Zhou et al., 2023) facilitate pixel
propagation using architecture priors. But they are limited to only being effective for partial object
occlusions with random masks. With the development of generative models, some works (Bian et al.,
2025; Zhang et al., 2023; Zi et al., 2024) adopt the advanced text-to-video diffusion to improve their
performance. They only focus on the content inpainting in video. In contrast, we reformulate 4D
video creation as a video inpainting task and unlock the potential of video inpainting models for 4D
reconstruction, enabling high- delity results with minimal additional training.

3 METHOD

The pipeline of our method is shown in Fig. 2. Given a video, we target the creation of dynamic 4D
video content, including camera retargeting (e.g., zoom, tilt, pan) and video content editing (e.g.,
subject addition and modi cation). Different from previous works (Bai et al., 2025; YU et al., 2025)
tuned on large-scale video datasets, we reformulate 4D generation as a specialized video inpainting
task and ne-tune the model (Wang et al., 2025) to unlock its potential. In the following, we rst
discuss the details about the dynamic point cloud (in Sec. 3.1) and composite mask (in Sec. 3.2).
Then we introduce our iterative tuning in Sec. 3.3. Finally, we present the temporal-packing inference
for multi-view video consistency in Sec. 3.4.

3.1 DYNAMIC POINT CLOUD

Given an inputvide® =[l o;:::;In1 ]2 RN3HW  "whereN denotes the number of frames,
our goal is to synthesize a new video sequence that follows a user-speci ed camera trajectory. The
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Figure 2: Overview of our method. We reformulate the 4D video creation as a video inpainting task.
Left: given a video, we rst generate the composite masks from the dynamic point cloud and feed
them into the video inpainting model to unlock its 4D video creation capability. Right: To unlock the
capability of generating 4D video with larger motion, we rst generate videos with small motion,
then feed them into the model to improve the temporal consistency progressively.

dynamic point cloud serves as a crucial intermediary representation that bridges the original frames
and the novel camera views. Speci cally, we use the off-the-shelf video depth estimator (Hu et al.,
2025) to estimate per-frame depth niap- fD igi’\'zol . By combining the video frames and their
depth maps, the point cloud sequence P =jfiPcan be computed as follows:

Pi= (I i;Dil;K); (1)
where is a function that mapf;; D;] to a 3D point cloud in the camera's coordinate system

usingK that represents the intrinsics of the camera described in (Chung et al., 2023; Jeong et al.,
2025). Additionally, the camera motion is provided as a sequence of extrinsic mafrices

fT 1;:::;Tn1 9. With these extrinsic matrices, we can project the pomt cloud from each frame
back to the camera plane using the perspective function to render an image:
It = (P ;KT 2

However, the rendered results are often incomplete, as a single monocular depth map is insuf cient
to reconstruct the entire scene, leading to occluded or missing regions. These mlssmg areas can
be identi ed during the rendering process, where a binary visibility mdsk R N1HW is
generated. Pixels with valid projections are marked as 1, while regions falling outside the original
view due to camera motion are marked as 0. Our method aims to leverage a video inpainting
foundation model to Il in such masked regions, thereby enabling the generation of a complete 4D
video.

3.2 COMPOSITE MASK

Apart from the aforementioned visibility masks, our method also supports 4D editing, which requires
an additional mask to indicate the user-speci ed editing regions. In the following sections, we
describe how we construct various types of masks and integrate them into a composite mask dataset
that serves as the supervision for training our video inpainting model.

Point cloud mask. It is hard to directly use the original visibility masks in Sec. 3.1 for supervision,
since the rendered framé does not contain ground-truth content for the occluded regions. To
overcome this, we adopt a double reprojection strategy (YU et al., 2025) that reprojects the visibility
masks back to the viewpoint of the input video. This allows us to obtain supervision masks that are
spatially aligned with the original frames, and we can set the input video as the ground truth for
training the inpainting model. Speci cally, we back-project the rendered vieQinto a new point

cloud P°usingD ®and re-render the view by applying the inverse transformatidn' . This

results in a paired set consisting of the corrupted vidéBwith the MaskM °to indicate the artifacts
region and the corresponding clean vided, Woth following the same original camera trajectory.

Editing mask. For 4D video generation, content editing plays a crucial role in practical applications.
To leverage powerful inpainting priors and enable more exible video editing, we adopt a content
editing strategy inspired by prior work (Mou et al., 2024). During training, we randomly select a



