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Fig. 1. Given an input video (yellow box in (a)) with significant viewpoint changes, Sketch3DVE generates realistic editing results (blue box) with the inputs of
a text prompt, hand-drawn sketch, and a mask (in white). Our method can also edit a video generated given an input image and a camera trajectory (b). Input
Video ©DL3DV-10K, Input image ©Pegah Sharifi.

Recent video editing methods achieve attractive results in style transfer
or appearance modification. However, editing the structural content of 3D
scenes in videos remains challenging, particularly when dealing with sig-
nificant viewpoint changes, such as large camera rotations or zooms. Key
challenges include generating novel view content that remains consistent
with the original video, preserving unedited regions, and translating sparse
2D inputs into realistic 3D video outputs. To address these issues, we pro-
pose Sketch3DVE, a sketch-based 3D-aware video editing method to enable
detailed local manipulation of videos with significant viewpoint changes.
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To solve the challenge posed by sparse inputs, we employ image editing
methods to generate edited results for the first frame, which are then prop-
agated to the remaining frames of the video. We utilize sketching as an
interaction tool for precise geometry control, while other mask-based im-
age editing methods are also supported. To handle viewpoint changes, we
perform a detailed analysis and manipulation of the 3D information in the
video. Specifically, we utilize a dense stereo method to estimate a point cloud
and the camera parameters of the input video. We then propose a point
cloud editing approach that uses depth maps to represent the 3D geometry
of newly edited components, aligning them effectively with the original 3D
scene. To seamlessly merge the newly edited content with the original video
while preserving the features of unedited regions, we introduce a 3D-aware
mask propagation strategy and employ a video diffusion model to produce
realistic edited videos. Extensive experiments demonstrate the superiority
of Sketch3DVE in video editing. We will release our code upon acceptance.

CCS Concepts: • Human-centered computing → Graphical user inter-
faces; • Computer systems organization → Neural networks; • Com-
puting methodologies → Image processing.

Additional Key Words and Phrases: Sketch-based interaction, video genera-
tion, video editing, video diffusion models
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1 INTRODUCTION
Video generation and editing are popular research areas with broad
applications in movie production, education, robotics, and AR/VR.
Unlike creating videos from scratch, editing involves manipulating
the geometry and appearance of objects in existing real or syn-
thetic videos, enabling detailed user customization. While pioneer-
ing video editing methods [Jamriska et al. 2019; Kasten et al. 2021;
Liu et al. 2022; Ruder et al. 2018; Tzaban et al. 2022] achieve at-
tractive results, they are limited to speci�c domains or restricted
editing types. Image editing methods, such as sketch-based works
[Jo and Park 2019; Liu et al. 2024a; Mikaeili et al. 2023; Portenier et al.
2018; Zeng et al. 2022] and mask-based inpainting works [Alibaba
2024; Yang et al. 2023a; Zhang et al. 2025], have good �exibility and
attractive results. However, applying similar ideas to video editing
presents several challenges, including domain gaps between single-
image 2D inputs and videos, the absence of novel view information
for videos with signi�cant view changes, and the requirement to
identify and preserve unedited regions.

Recent advancements in di�usion models have led to impres-
sive results in text- and image-based video generation, with both
commercial [Kuaishou 2024; OpenAI 2024; runway 2024; Stabil-
ityAI 2024] and open source works [Lab and etc. 2024; Team and
Laboratory 2024; Yang et al. 2024c; Zheng et al. 2024b]. Similarly,
di�usion-based video editing methods [Ku et al. 2024; Mou et al.
2024a; Ouyang et al. 2024a; Zhang et al. 2024c] have made signi�-
cant progress in diverse editing scenarios. However, as shown in Fig.
4, most of these methods transfer motion features from the input
video to the edited video, which is e�ective for appearance modi-
�cation but struggles with structural editing, such as component
insertion and replacement. Furthermore, these methods use UNet
or DiT networks to handle temporal motion implicitly. However,
they lack extensive 3D information analysis, limiting their ability
to process videos with substantial viewpoint changes.

Recent video generation methods have employed 3D information
to enable controllable viewpoint changes. Given a single image,
novel view videos can be synthesized by inserting camera parame-
ters into pretrained video di�usion models [He et al. 2024; Wang
et al. 2024b; Yang et al. 2024a; Zheng et al. 2024a], or using point
cloud rendering for explicit view control [Liu et al. 2024c; Yu et al.
2024]. These methods support editing by modifying the input image
and generating videos with the original camera motions. However,
for generated novel view frames, the obscured areas and compo-
nents outside the viewport of the edited image are entirely imagined
by the models, often resulting in unintended changes in these re-
gions even if they remain unedited. Instead of video generation,
NeRF [Mildenhall et al. 2022] and 3DGS [Kerbl et al. 2023] have
been utilized for 4D generation [Wu et al. 2024; Xu et al. 2025; Zhang
et al. 2024a], image-to-object [Liu et al. 2023b; Luo et al. 2023], and

image-to-scene [Seo et al. 2024], while focusing on generation from
scratch rather than local modi�cation. 3D scene editing methods [Li
et al. 2024; Liu et al. 2024b; Mirzaei et al. 2023] modify 3D attributes
to render edited videos, but struggle with structural modi�cations
or produce rendering-style outputs.

To address these issues, we propose Sketch3DVE, a sketch-based
3D-aware method to produce realistic edited videos (see Fig. 1). We
assume both the input and output are scene videos with signi�cant
viewpoint changes but slight object movements. To bridge the do-
main gap between 2D sketches and videos, we �rst generate the
edited results of the �rst frame by MagicQuill [Liu et al. 2024d] and
then propagate the editing e�ects across the video. Image editing
on the �rst frame can also be achieved with other image editing
methods (e.g., [Alibaba 2024; Yang et al. 2023a]) that use masks to
label the local modi�cation regions. To generate high-quality details
in novel views of the edited content while ensuring seamless camera
motion consistency with the input video, we perform explicit 3D
geometry analysis and manipulation. Speci�cally, we �rst obtain a
point cloud and the camera parameters from the input video using
DUSt3R [Wang et al. 2024a]. Then, we propose a point cloud editing
approach to map 2D image edits into 3D space, ensuring that the
edited regions align with the rest of the scene. Depth maps, which
provide relative 3D geometry information and explicit pixel match-
ing before and after editing, are utilized to achieve this alignment.
To solve the issue of unedited region identi�cation and preservation,
we propose a 3D-aware mask propagation strategy that tracks the
input 2D mask across other frames. Finally, a video di�usion model
generates the novel view results of the edited components that are
merged with unedited regions to synthesize a realistic edited video.
Our method supports a wide range of editing operations, including
object insertion, removal, replacement, and modi�cation to shape
and texture, as shown in Fig. 3 and 8.

Extensive experiments demonstrate that our method produces
higher-quality video editing results than existing image-based video
generation and editing approaches. Our main contributions can be
summarized as follows:

� We propose a novel sketch-based 3D-aware video editing
method that generates realistic and high-quality editing re-
sults for videos with signi�cant viewpoint changes.

� We propose a point cloud editing approach that utilizes depth
maps to represent and align the edited regions with the origi-
nal 3D scene.

� We develop a 3D-aware mask propagation strategy and a
precise region modi�cation video di�usion model that syn-
thesizes novel view results of edited components while accu-
rately preserving unedited regions.

2 RELATED WORK
Our method is closely related to camera-controllable video genera-
tion, deep video editing, and sketch-based content editing.

Camera Controllable Video Generation.One category of methods
implicitly inserts camera parameters into video generation models.
The camera features in�uence the temporal attention mechanism
[Wang et al. 2024b; Yang et al. 2024a], or transform to Plücker Em-
bedding [Sitzmann et al. 2021] with additional condition networks
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for insertion [Bahmani et al. 2024; He et al. 2024; Wang et al. 2024c].
Epipolar attention [Xu et al. 2024; Zheng et al. 2024a], LoRa �ne-
tuning [Sun et al. 2024a], and multi-view datasets [Bai et al. 2024]
further enhance camera control performance. Explicit methods, on
the other hand, construct 3D representations from input images and
render them into novel views, which are then used as conditions
for video generation. Training-free denoising resampling [Hou et al.
2024; Liu et al. 2024c] and video di�usion model �netuning [Yu et al.
2024] are utilized to translate point cloud renderings into videos. 3D
tracking videos [Gu et al. 2025] and 3D box rendering depth maps
[Wang et al. 2025] further serve as conditions for dynamic content
synthesis. While these methods e�ectively control the camera for
video generation, they are inherently limited for editing due to the
absence of relationship analysis between the original video content
and the newly introduced modi�cations. Our method generates
high-quality editing contents that seamlessly merge into original
videos with good view consistency.

Deep Video Editing.Pioneering works achieve e�ective video edit-
ing in facial videos [Liu et al. 2022; Tzaban et al. 2022], style transfer
[Jamriska et al. 2019; Ruder et al. 2018], and layered editing propaga-
tion [Kasten et al. 2021]. With the success of di�usion models, many
works [Ceylan et al. 2023; Liu et al. 2024e; Ouyang et al. 2024b; Qi
et al. 2023; Wang et al. 2023; Yang et al. 2023b] extend text-to-image
generation models [Rombach et al. 2022] to video editing by en-
forcing temporal coherence. Video generation models are further
used to mitigate �ickering and enhance robustness. AVID [Zhang
et al. 2024c] treats video editing as a sketch-guided inpainting task
and enables text-based editing. Similar to our method, many works
propagate the editing from the �rst frame of a video to the rest.
AnyV2V [Ku et al. 2024], a training-free method, merges edited
results with attention features of the input video but sometimes
generates structural distortion and temporal inconsistency. I2VEdit
[Ouyang et al. 2024a] �ne-tunes models using LoRa on temporal lay-
ers to extract motion information, producing consistent outputs but
struggles with object insertion due to missing motion information
in the original video. ReVideo [Mou et al. 2024a] addresses this by
adding missing motion using 2D trajectory inputs. In contrast, our
method explicitly extracts and analyzes 3D information, enabling
accurate shape editing, object insertion, and replacement even when
the input videos have signi�cant view transformations.

Sketch-Based Content Editing.Sketch-based interfaces have been
widely used in image generation [Chen et al. 2020; Gao et al. 2020;
Isola et al. 2017; Ma et al. 2024; Mou et al. 2024b; Xie et al. 2024b;
Zhang et al. 2023; Zhu et al. 2017], video generation [Huang et al.
2024; Jiang et al. 2025; Li et al. 2022; Xing et al. 2024], and 3D gener-
ation [Brodt and Bessmeltsev 2022; Gao et al. 2024; Han et al. 2017;
Sun et al. 2024b; Wang et al. 2014; Zheng et al. 2024c, 2023]. Com-
pared to generation, editing requires preserving original features
while producing reasonable modi�cations. This challenge can be
addressed as a sketch-guided inpainting problem in image editing
[Jo and Park 2019; Liu et al. 2024d; Portenier et al. 2018; Yu et al.
2019; Zeng et al. 2022]. Similar ideas have been utilized for video
editing. For example, VIRES [Weng et al. 2024] designs a sequence
ControlNet to enable sketch-based video edits but requires sketches
and masks of edited regions for all frames. FramePainter [Zhang

et al. 2025] further utilizes video models for sketch/dragging-based
image editing. Instead of fast inference, sketch-based 3D editing
methods [Liu et al. 2024a; Mikaeili et al. 2023; Xie et al. 2024a] rely
on optimization techniques to modify 3D representations but only
focus on objects instead of 3D scenes. Our method designs a 3D-
aware approach to generate masks for each frame, using a 3D point
cloud representation to handle videos with signi�cant view changes.
Additionally, our method generates realistic results across diverse
scenarios, including both indoor and outdoor scenes, addressing the
limitations of previous sketch-based editing techniques.

3 METHODOLOGY
Given an input video, users incorporate hand-drawn sketches, masks,
and text prompts to indicate desired modi�cation e�ects. Our ob-
jective is to ensure the newly generated content remains consistent
with the original video's view changes while accurately preserving
unedited regions. We assume the video captures static primarily
scenes, mainly with signi�cant viewpoint changes. During editing,
we leverage MagicQuill [Liu et al. 2024d], a sketch-based image edit-
ing method (detailed in Sec. 3.1), to edit the �rst frame. As shown
in Fig. 2, to propagate these edits across the video, our method
extracts 3D information from the input video, including a point
cloud and camera poses. We introduce a point cloud editing ap-
proach, which utilizes depth maps to represent and align the 3D
geometry of the edited regions, as discussed in Sec. 3.2. Additionally,
Sec. 3.3 presents our video mask propagation strategy, designed to
track the edited regions across all frames. Finally, in Sec. 3.4, we
develop a video di�usion model that synthesizes realistic edited
videos with input conditions of point cloud renderings, the original
video, and propagated masks. This pipeline ensures coherent and
realistic editing across diverse view transformations, bridging 2D
edits and 3D-aware video generation.

3.1 Preliminary
Image Editing Model.MagicQuill [Liu et al. 2024d] generates re-

alistic edited images from an input image, text prompt, mask, and
a sketch with optional color strokes. It builds on Stable Di�usion
[Rombach et al. 2022] with two additional networks: ControlNet
[Zhang et al. 2023] for e�ective editing and an inpainting U-Net [Ju
et al. 2024] for preserving unedited regions. The model is trained to
reconstruct images under conditions that imitate the editing process.

Video Di�usion Model.CogVideoX [Yang et al. 2024c], a state-of-
the-art text-to-video generation model, is utilized for video synthesis.
It employs a 3D causal VAE for video compression into a latent space,
followed by a denoising process to generate latent codes. The DiT
architecture, which contains multiple transformer blocks, is utilized
to generate high-quality videos with good temporal consistency.
Our video generation model adds an additional control block based
on the CogVideoX model.

3.2 Depth-based Point Cloud Editing
Given a video with frames� = f � 1• �2• ”””• �# g, where# is the num-
ber of frames, the �rst frame is edited by MagicQuill to generate
image�438C. Directly applying an image-to-video generation model
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Fig. 2. The pipeline of our sketch-based 3D-ware video editing method. Given an input video, the edited result of the first frame,�438Cis generated by the
image editing model [Liu et al. 2024d] using the sketch, mask, and text prompt input. We derive a 3D point cloud and camera parameters from the input video
to propagate the editing. Then, we utilize a depth map to represent and align the newly edited content with the original scene to generate the edited point
cloud. To identify edited regions, we construct a 3D mask that is rendered for all the frames to generate a mask sequence. The point cloud rendering results,
the original video containing unedited regions, and the edited images serve as inputs for the conditional video di�usion model to synthesize the final edited
video. Input Video©DL3DV-10K.

on �438Ccannot control camera movement, leading to totally dif-
ferent viewpoint changes from the input video. To address this,
we argue that explicit 3D geometry analysis and manipulation is a
promising solution. Following [Yu et al. 2024], we use point clouds
as a 3D representation to guide video generation, ensuring that the
viewpoint changes of new content align with the original video.

We employ DUSt3R [Wang et al. 2024a], a dense stereo model,
to obtain a 3D point cloud and camera parameters from the input
frames. Given two images� 1• �2 from di�erent views, DUSt3R pre-
dicts point maps$ 1•1•$2•1 in the same camera coordinate system of
view � 1. This process is repeated between all pairs of frames in the
video, followed by global point map alignment to obtain the output
3D information. Please refer to [Wang et al. 2024a] for more details.
We denote the point cloud of the �rst frame as%and the camera
parameters for all frames as� = f � 1• � 2• ”””• �# g.

To e�ectively propagate the edits in�438Cacross novel view frames,
we translate the edited image�438Cinto an edited point cloud%438C,
which is rendered with camera� to provide the pixel level guidance
for novel view frame generation. To achieve this, we �nd that depth
maps e�ectively encode the relative geometry relationship among
objects within a 3D scene and explicitly have correspondence be-
tween the pixels in unedited regions, which can be used for point
cloud alignment and editing.

Speci�cally, with the point cloud%and camera parameters� 1,
the depth map of the �rst frame� >A8before editing is generated by
3D projection. Similarly, the depth map of�438Ccan also be obtained
with a new point cloud and camera estimated by DUSt3R (with�438C
duplicated to imitate paired input, as in [Yu et al. 2024]). Depth
estimation models like [Yang et al. 2024b] can also be optionally

used to get depth maps. We normalize the values of the edited depth
map to get ^� 438C. Then, two alignment coe�cients, translationC
and scaleB, are required to transform the relative depth mapŝ� 438C
into the absolute one like� >A8. Notably, the geometry in unedited
regions" before and after editing naturally has correspondence,
which can be used to obtain these coe�cients. We utilize a simple
least squares algorithm to achieve it. The optimization objective is
to minimize the pixel distances:

� ¹B• Cº =
Í <

8=1






 ¹B3̂8 ¸ Cº � 38







2

• (1)

where38 and3̂8 are depth values in unedited regions of� >A8and
^� 438C, respectively, and< is the number of pixels in unedited regions
" . Users can also adjustC•Bto obtain the best performance. We
merge the edited regions into the original depth maps to get the
�nal edited depth maps:

� 438C= � >A8� " ¸ ¹ ^� 438C� B¸ Cº � "” (2)

The �nal edited point cloud%438Cis obtained by back-projection:

%438C= >1 ¸ A1 � � 438C• (3)

where>1 is the ray origin andA1 is the ray direction corresponding
to camera� 1.

3.3 Video Mask Propagation
For ease of interaction, we require users to draw a 2D mask" only
in the �rst frame to label edited regions. This requires us to track the
mask in novel view frames to merge new edited content with the
original video while accurately preserving unedited regions. This
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