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Abstract

We introduce Vid-CamEdit, a novel framework for video
camera trajectory editing, enabling the re-synthesis of
monocular videos along user-defined camera paths. This task
is challenging due to its ill-posed nature and the limited multi-
view video data for training. Traditional reconstruction meth-
ods struggle with extreme trajectory changes, and existing
generative models for dynamic novel view synthesis can-
not handle in-the-wild videos. Our approach consists of two
steps: estimating temporally consistent geometry, and gener-
ative rendering guided by this geometry. By integrating geo-
metric priors, the generative model focuses on synthesizing
realistic details where the estimated geometry is uncertain.
We eliminate the need for extensive 4D training data through
a factorized fine-tuning framework that separately trains spa-
tial and temporal components using multi-view image and
video data. Our method outperforms baselines in producing
plausible videos from novel camera trajectories, especially in
extreme extrapolation scenarios on real-world footage.

Introduction

When browsing through our camera albums, we often find
ourselves wishing to view the videos we’ve captured from
different camera poses. For instance, seeing footage origi-
nally shot from the side as if it were filmed from the front,
or transforming a moving shot into one that appears as if
taken from a stationary camera. What if we can freely ma-
nipulate the camera movement within recorded videos to re-
synthesize them from any viewpoint? This ability will not
only revolutionize how we experience our own videos but
also impact fields like video editing and 4D content creation.

In this work, we focus on the task of re-synthesizing a
given video along a user-defined camera trajectory, a process
we refer to as video camera trajectory editing. This task is
inherently related to the extreme case of dynamic novel view
synthesis (NVS) given a monocular video, as it involves gen-
erating views from significantly altered or entirely new cam-
era trajectories that were not present in the original footage.
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Existing approaches encounter two main challenges when
tackling this task:

Reconstruction-based methods struggle with unseen
areas. The extensive modification to the camera’s path
makes the problem highly ill-posed, causing existing
reconstruction-based methods for dynamic NVS (Zhang
et al. 2024b; Zhao et al. 2024) to fail in synthesizing visu-
ally realistic novel views, as illustrated in Fig. 2-(b). Because
these methods focus on accurately reconstructing observed
regions rather than handling unseen areas, they cannot ac-
commodate the significant extrapolation required when the
new camera trajectory deviates greatly from the original.

Generation methods require large-scale 4D data.
While generative models have shown promising results in
synthesizing highly realistic novel views in static scenes by
training on large-scale multi-view image datasets (3D data),
applying this approach t o dynamic scenes is challenging
due to the limited availability of extensive real-world multi-
view videos (4D data). Recent work, e.g., Generative Cam-
era Dolly (Van Hoorick et al. 2024), tackles the problem by
training on synthetic multi-view video data. However, they
often fail to generalize to real-world videos due to domain
gaps, as shown in Fig. 2-(c).

In this work, to overcome these challenges, we explore a
more practical and data-efficient approach, which sidesteps
the need for extensive real 4D training data. Instead of tak-
ing the data-driven solution, we decompose the task into two
sub-tasks: (1) temporally-consistent geometry estimation
and (2) generative video rendering based on the estimated
geometry. Specifically, we ground pre-trained video genera-
tive models with geometry estimated from off-the-shelf ge-
ometry estimation models (Zhang et al. 2024b) (Fig. 2-(b)),
allowing it to synthesize realistic novel view videos while
relying on the geometry as a scaffold. This geometric prior
reduces the burden on the generative model, enabling it to
focus primarily on enhancing uncertain regions instead of
learning full 4D dynamics from scratch, thereby greatly re-
ducing the need for large-scale 4D training data.

To further reduce the need for 4D data, we incorporate
a factorized fine-tuning strategy. By considering the spatio-
temporal blocks of our video generative model indepen-
dently, we train the spatial block with multi-view image (3D)
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Figure 1: Teaser: We aim to re-synthesize an input monocular video (top) following a desired camera trajectory. Our generated
video (bottom) preserves the motion and structure of the input video while demonstrating realistic visual quality.
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Figure 2: Motivation: To edit camera trajectories in monocular videos, we embed knowledge from video geometry prediction
models, e.g., MonST3R (Zhang et al. 2024b), into video generative models (Guo et al. 2023), allowing the model to synthesize
realistic novel views by filling occluded regions the geometry model cannot infer. By incorporating geometrical cues for gener-
ation, our approach demonstrates superior performance on novel view video synthesis, compared to fully generative approaches

e.g., Generative Camera Dolly (Van Hoorick et al. 2024).

data and train the temporal block with video data. As both
3D and video data are accessible up to scale, the training of
generative models no longer requires 4D data.

Related Work

Dynamic novel view synthesis via reconstruction. Sim-
ilar to traditional novel view synthesis, which aims to re-
construct the scene given multi-view observations, dynamic
novel view synthesis extends its application to dynamic
scenes. Building upon the success of Neural Radiance Fields
(NeRF) and 3D Gaussian Splatting for novel view synthesis,
existing approaches (Han et al. 2025; Zhao et al. 2024; Wang
et al. 2024a) tackle dynamic scenes by introducing an addi-
tional time-dimension or learning time-based deformations.
While these approaches handle dynamics well, they struggle
to extrapolate or estimate unseen areas, limiting novel views
to those near the original input. This restricts their use in
in-the-wild videos, causing large gaps in unseen regions and
accumulating reprojection errors.
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Video geometry estimation. Unlike monocular depth es-
timation (MDE) (Yang et al. 2024b; Ke et al. 2024), which
infers depth from a single image, video depth estimation
must ensure temporal consistency across frames. Early ap-
proaches (Luo et al. 2020; Zhang et al. 2021b; Yang et al.
2024a; Hu et al. 2024; Shao et al. 2024a) achieved this by
fine-tuning MDE models or generative models and modeling
motions for each input video. In parallel, a novel approach
MonST3R (Zhang et al. 2024b) extends DUSt3R’s (Wang
et al. 2024c¢) unique pointmap representation, which capital-
izes on accurate correspondence between images (An et al.
2025), enables dense 3D scene reconstruction to dynamic
scenes.

Generative dynamic novel view synthesis. Extending
such camera-controllable video models to video-camera tra-
jectory editing is non-trivial, as it requires both semantic un-
derstanding and low-level perception of the user-provided
video. Generative Camera Dolly (Van Hoorick et al. 2024)
is the first attempt at this, paving the way for future re-
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Figure 3: Overview of our framework. Given a video and a
target camera trajectory, we first extract video feature tokens
and obtain the dynamic scene’s geometry. We then ground
the video generative model on this estimated geometry by
re-aligning the video feature tokens according to the 2D flow
between the source and target camera trajectories.

search; however, it still shows clear weaknesses in gener-
alizing to in-the-wild videos, being highly fitted to the 4D
synthetic training data. 4DiM (Watson et al. 2024) generates
novel view videos conditioned on one or more input images.
However, it relies on 4D data from Google Street View and
its generalizability to in-the-wild videos has not yet been
validated. Recent and concurrent efforts, such as ReCap-
ture (Zhang et al. 2024a), CAT4D (Wu et al. 2024), ReCam-
Master (Bai et al. 2025) and TrajectoryCrafter (YU et al.
2025) share goals and motivations akin to ours. For instance,
ReCamMaster employs synthetic 4D datasets based on Un-
real Engine, while TrajectoryCrafter trains models through
self-generated occlusions on monocular videos, whereas our
approach addresses this task through lightweight fine-tuning
without additional data processing.

Methodology
Problem definition

Given a monocular video as input, which can be captured
from either a stationary or a moving camera, our objective
of video camera trajectory editing is to design a framework
that can synthesize a new video from any desired camera
trajectory.

We first define the input video with T frames of size
H x W as X € RTXHXWX3 and its camera trajectory as

8789

Cx € RT*3x4 which consists of a series of camera ex-
trinsic matrices. The desired camera trajectory for the novel
video Y € RT*XHXxWxX3 iq defined as Cy, where Cy is
obtained by applying per-frame relative camera transforma-
tions Cie to Cx. Altogether, our framework F(-) synthe-
sizes a new video Y conditioned on the input video X and
relative camera transformations C; as follows:

Y = F(X, Cra, K), (1)

where we assume both the original and synthesized videos
share the same camera intrinsics K.

Overview and motivation

To handle extensive extrapolation inherently required for
our task, we design F(-) as a generative framework, which
has shown promising results in large extrapolation in static
scenes (Liu et al. 2023; Sargent et al. 2023). However, lever-
aging generative models for dynamic NVS raises a unique
challenge, which is the lack of sufficient real 4D data (multi-
view videos).

To address this challenge, we explore a practical and data-
efficient solution for the framework F(-): a hybrid strategy
that grounds strong geometry priors into video generative
models. Our key intuition is to reduce the burden on the
generative model by simplifying its task. Instead of relying
solely on the generative model, we decompose the 4D prob-
lem into 3D spatial geometry and 1D temporal dynamics.
For the 3D spatial geometry, we utilize a temporally con-
sistent geometry estimation model to capture the 3D struc-
ture. As illustrated in Fig. 2-(b), this provides geometric cues
to the video generation model, where the video generation
model can utilize the geometry as a scaffold for realistic
generation. To handle the 1D temporal dynamics, we lever-
age the temporal consistency capabilities inherent in video
generative models. By exploiting these capabilities, we en-
sure that the generated frames are temporally coherent, pre-
serving motion consistency over time. The overview of our
pipeline is illustrated in Fig. 3.

Generative rendering from estimated geometry

Temporally-consistent geometry estimation. To effec-
tively reduce the burden on the video generative model
of our framework F(-), the geometric prediction model g
serves as a general model that is capable of estimating tem-
porally consistent geometry of the given video. Although
various models can be leveraged as g , we build up our
framework on the recently proposed MonST3R (Zhang et al.
2024b), as its joint estimation of consistent camera trajectory
and pointmaps can be effectively utilized in our framework.
Specifically, the geometry of the input video is represented
as a series of pointmaps G € RT*HXWx3 'which are coor-
dinate maps indicating the 3D location of each pixel within
the global 3D space. For each frame ¢, the pointmap G pro-
vides a dense mapping from 2D pixel coordinates (u, v) to
their corresponding 3D world coordinates.

Geometry-grounded video-to-video translation. With
the estimated temporally-consistent geometry, we now re-
formulate the video generative model in our framework as



a geometry-guided video-to-video translation problem. We
incorporate the predicted geometry G as a crucial cue along-
side the desired camera trajectory. At a high level, this
framework can be expressed as:

]:(X7 CrelaK) = Samp1e<p9(y | Xa Crevia G))a (2)

where py is a learned distribution of a diffusion model # and
Sample(-) is a sampling function for diffusion reverse pro-
cess (Ho, Jain, and Abbeel 2020; Song, Meng, and Ermon
2020). Although providing the 3D geometry information can
facilitate novel view video generation, the model would still
need to learn a mechanism that enables NVS that well re-
flects the input 3D geometry and camera parameters. As-
suming that the pre-trained video generative model lacks the
ability to explicitly understand 3D representations, we fur-
ther simplify the task for the video model.

Given the pointmap G, for frame ¢, we can obtain 2D flow
fields fie) € RTXHXWX2 by projecting these 3D points onto
the target viewpoint. Specifically, for each pixel (u, v) in the
source frame, we obtain the 2D flow f:

fra(u,v,t) = (Cra(t) - G(u,v,t), K) — (u,v), (3)

where II(+) is the perspective projection function.

This process maps each source pixel to its corresponding
location in the target view for the time ¢, effectively ground-
ing the translation in geometry without requiring the model
to handle and understand complex 3D structures directly. We
thus reformulate the generative process as:

f(X; CrclaK) = Sample(Pe(Y | Xv frcl))a 4

where we note that the previous conditions — camera poses
Clel, intrinsics K, and 3D geometry G — are all inherently
embedded within the 2D flow maps f,¢). This reformulation
simplifies the task for the generative model while maintain-
ing geometric consistency through the explicitly computed
correspondences.

Re-aligning input video tokens. For the reformulated
video generative model that takes the input video and 2D
flow maps as conditions, we incorporate both conditions
into a pretrained video diffusion model (Guo et al. 2023).
For video conditioning, the model must preserve the input
video’s details, such as color and texture. We adopt the archi-
tecture of ReferenceNet (Hu 2024), which has been shown
to effectively preserve the low-level semantics of input im-
ages (Hu 2024; Men et al. 2024). Specifically, our approach
is based on a U-Net-based video diffusion model where spa-
tial and temporal blocks are interleaved. On top of this, we
define a video encoder & that shares the same architecture
as the video diffusion model. The feature tokens of £4 are
then concatenated into the self-attention map of each spatial
block in the diffusion model, which is for spatial interaction
within each frame of the novel view video being generated.

For flow conditioning, we align the feature tokens of &
with the flow condition f..;. To this end, we can either ex-
plicitly warp the feature tokens of input video (Miiller et al.
2024; Niu et al. 2024) or encourage the model to perform
reliable internal re-alignment with flow-conditioning meth-
ods (Seo et al. 2024; Zhang et al. 2024c¢; Cai et al. 2024). In
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this work, motivated by GenWarp (Seo et al. 2024), we re-
arrange the positional embeddings for input video according
to the flow map f,e; and employ them as additional posi-
tional embeddings, thereby allowing the model to naturally
learn the flow condition. Specifically, for a given position
(u,v) in frame t, the re-aligned positional encoding PE’ is
computed as:

PE/(u, v, t) = PE(“ + fret(w, v, t) 2, v + frei(u,v, t)ya t)a
)
where PE denotes the sinusoidal positional encoding for the
input video, and fie1(u, v)s, frel(u,v), represents the flow
vectors in x and y directions respectively.

The re-aligned positional embeddings are additionally in-
corporated into the video diffusion model alongside the orig-
inal positional embeddings, enabling the video generative
model to take the flow condition with the input video.

Fine-tuning without 4D data

While our geometry-grounded strategy effectively allevi-
ates the computational burden on generative models, naively
training such models still hinges on real-world 4D data (i.e.,
multi-view videos), which is prohibitively expensive and im-
practical to acquire at large scales. We instead adopt a fac-
torized training that capitalizes on more readily available
datasets: multi-view images and conventional video data,
similarly to (Shao et al. 2024b; Watson et al. 2024). This
shift obviates the need for comprehensive 4D data collec-
tion, offering a more scalable solution.

Architecture. We employ a video generative model back-
bone (Guo et al. 2023; Blattmann et al. 2023) composed of
interleaved spatial and temporal interaction blocks. We in-
ject conditioning derived from input video tokens solely into
the spatial interaction blocks — thereby converting them into
multi-view blocks — to concentrate on 3D synthesis. Mean-
while, the temporal interaction blocks remain dedicated to
learning temporal priors. For detailed diagrams, please refer
to Appendix.

Block-wise supervision. Given our architectural design,
we employ an intuitive factorized training strategy. When
training on videos, we freeze the multi-view blocks; and
when training on multi-view images, we freeze the temporal
blocks. Multi-view images are treated as multi-view videos
with T' = 1, updating only the multi-view blocks, whereas
video data are treated as multi-view videos with the same in-
put and output cameras, updating only the temporal blocks.
Here, the conditioning tokens from the video encoder are re-
placed with a null condition at a predefined probability, sim-
ilarly to CFG (Ho and Salimans 2022). By alternately freez-
ing these blocks, we mitigate overfitting to either modality
and successfully train our model without relying on 4D data.

Experiments

Implementation details Our framework consists of two
key components, geometry prediction model and video
generative model. As mentioned in Section , we leverage
MonST3R (Zhang et al. 2024b) as our geometry predic-
tion model. For the video generative model, our framework
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Figure 4: Qualitative results. Given a user-provided monocular video, our method can synthesize high-quality videos along
desired camera trajectories. The frames from the original videos are depicted in the yellow box of the top right of each image.

can leverage any spatio-temporally factorized video diffu-
sion models (Guo et al. 2023; Blattmann et al. 2023; Chen
et al. 2023). Among them, we adopt AnimateDiff (Guo et al.
2023) based on Stable Diffusion 1.5 (Rombach et al. 2022)
as our base model, generating 7" = 12 frames at once, as
it best fits our computational constraints. To condition the
diffusion model with only the input video and cameras (2D
flow), we replace the original text condition with CLIP (Rad-
ford et al. 2021) image features. Code and weights will be
publicly available.

Training dataset. For multi-view image data, we uti-
lize RealEstatel0K (Zhou et al. 2018), Mannequin-
Challenge (Li et al. 2019), MegaScene (Tung et al. 2025),
and ScanNet (Dai et al. 2017). For temporal fine-tuning, we
initialize the temporal modules from the pre-trained check-
point (Guo et al. 2023) trained on WebVid-10M (Bain et al.
2021) and additionally use the TikTok dataset (Jafarian and
Park 2021) in fine-tuning.

Baselines As our task demands extensive interpolation
and extrapolation, we primarily compare our method
with generation and generalizable methods: Generative
Camera Dolly (GCD) (Van Hoorick et al. 2024) and
Pseudo-DVS (Zhao et al. 2024). We also report perfor-
mance improvements over our baseline: reprojection using
MonST3R (Zhang et al. 2024b). We evaluate two variants
with MonST3R: all-frame reprojection and per-frame repro-
jection. All-frame reprojection leverages all pointmaps from
MonST3R’s global alignment, projecting all static points
across frames [1,7] and combining them with dynamic
points from frame ¢.
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Qualitative comparisons. Fig. 4 and Fig. 5 show qual-
itative results and comparisons on in-the-wild videos with
the baseline methods. MonST3R (Zhang et al. 2024b) and
Pseudo-DVS (Zhao et al. 2024) show reasonable perfor-
mance in some regions, however, failing to synthesize oc-
cluded regions. GCD (Van Hoorick et al. 2024) generates
synthetic artifacts when dealing with in-the-wild video, fail-
ing to generalization. Additionally, we present results of
reprojection-and-inpainting (Zi et al. 2024) baseline, strug-
gling with refining ill-warped artifacts when conditioned on
noisy reprojections. In contrast, our method generates feasi-
ble videos from new camera trajectories.

Quantitative comparisons. We perform a quantitative
comparison of our method and generalizable reconstruction
and generation methods on the multi-view video datasets,
Neu3D (Li et al. 2022) and ST-NeRF dataset (Zhang et al.
2021a) in Tab. 1. For frame consistency, we measure CLIP
score between each frame of input videos and generated
videos, following (Jeong et al. 2024). The results show that
our method achieves superior performance across all the
datasets. Additionally, we report a user study for human
preference in Fig. 6, and VBench (Huang et al. 2024) scores,
VLM-based automated benchmarks in Fig. 7.

Application for per-scene 4D reconstruction. While our
primary goal is to directly generate video renderings, our
approach can be seamlessly integrated into per-scene 4D
reconstruction methods that produce 4D representations as
output, by leveraging our generated results as additional su-
pervision. As shown in Tab. 2, quantitative evaluations on
the DyCheck dataset (Gao et al. 2022) demonstrate that in-
corporating our method into existing per-scene reconstruc-
tion pipelines yields higher reconstruction quality.
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Figure 5: Qualitative comparisons with MonST3R (Zhang et al. 2024b), video inpainting (Zi et al. 2024) w/MonST3R, GCD
(Generative Camera Dolly) (Van Hoorick et al. 2024), and Pseudo-DVS (Zhao et al. 2024).

Methods Neu3D (Li et al. 2022) ST-NeRF dataset (Zhang et al. 2021a)
LPIPS | SSIM 1T PSNR 1 Frame-Con. 1T |LPIPS | SSIM 1 PSNR 1 Frame-Con. 1
MonST3R (Zhang et al. 2024b) 0.562 0.206 10.42 0.747 0.649  0.224 8.39 0.757
MonST3R (Zhang et al. 2024b) (Per-frame proj.) 0453 0291 11.73 0.800 0.478 0.288 9.91 0.811
Pseudo-DVS (Zhao et al. 2024) 0.564 0352 1443 0.655 0.527 0415 15.33 0.742
Generative Camera Dolly (Van Hoorick et al. 2024)| 0.505  0.249  10.71 0.682 0.425 0346 13.60 0.748
Ours 0414 0358 1491 0.858 0.386 0.381 14.89 0.917

Table 1: Quantitative results with generalized/generation baselines. We show quantitative comparisons in multi-view dynamic
datasets, Neu3D (Li et al. 2022) and ST-NeRF (Zhang et al. 2021a).

Analyses

Performance on varying trajectory difficulties. We ana-
lyze how performance changes as the desired camera trajec-
tory becomes more challenging in Fig. 8, where our method
achieves the best performance. Specifically, following the
evaluation protocol in GeoGPT (Rombach, Esser, and Om-
mer 2021), we measure the LPIPS between the input video
and the target GT video as the generation difficulty due to
viewpoint change, and consider the LPIPS between the gen-
erated video and the target GT video as a degree of distor-
tion. We then compare the degree of distortion against the
generation difficulty.

Ablation on design choices. We provide an ablation study
on various design choices in our framework. We test a
case where we directly inject camera poses (Pliicker coor-
dinates) (Sitzmann et al. 2021) into the model in place of
our proposed grounding. Additionally, we compare the per-
formance against a baseline method: reprojection and video
inpainting (Zi et al. 2024), which is one possible naive ap-
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Figure 6: User study is conducted by surveying 59 partici-
pants to evaluate (a) consistency to input videos, (b) video
realness, and (c) faithfulness on camera trajectories.

proach to combining geometry estimation models. As shown
in Tab. 3, our full framework is most effective in both cases.

Video geometry estimation models. We provide an abla-
tion study of using various video geometry estimation mod-
els g in our framework. We evaluate: MonST3R (Zhang
et al. 2024b), DepthAnyVideo (Yang et al. 2024a), Depth-



Method Co-visible Occluded
PSNR1 LPIPS| SSIMt | PSNRT LPIPS| SSIM 1

HyperNeRF (Park et al. 2021) 15.99 0.510 0.590 - - -
HyperNeRF* 14.32 0.667 0.552 14.22 0.554 0.834
DyniBar (Li et al. 2023) 13.41 0.550 0.480 - - -
Shape-of-Motion (Wang et al. 2024b) 16.72 0.450 0.630 - - -
Shape-of-Motion* 16.71 0.394 0.646 15.24 0.465 0.856
+ Ours 16.84 0.261 0.573 15.56 0.129 0.856

Table 2: Quantitative results of 4D reconstruction on DyCheck (Gao et al. 2022). Employing our method to the existing per-
scene reconstruction method yield better reconstruction quality. * denotes renradnced reenlte for acclnded recion evalnation
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Figure 7: Quantitative comparisons on Vbench (Huang et al.
2024) with Camera Dolly (Van Hoorick et al. 2024) on un-
curated in-the-wild videos.

Baseline |LPIPS | SSIM 1
w/o Geometry grounding 0498 0.314
Reproj. + Inpainting (Zi et al. 2024) | 0.485  0.336
Ours 0414  0.358

Table 3: Ablation study on design choices comparing our
framework with and without geometry grounding and a
reprojection/video-inpainting baseline.

Base Geometry Models |LPIPS | SSIM *
DepthCrafter (Hu et al. 2024) 0416 0.356
Depth-Anything 2 (Yang et al. 2024b) | 0.420  0.354
DepthAnyVideo (Yang et al. 2024a) 0.425 0.349
MonST3R (Zhang et al. 2024b) 0.414 0.358

Table 4: Ablation on video geometry models.

Anything2 (Yang et al. 2024b), and DepthCrafter (Hu et al.
2024) on the Neu3D dataset (Li et al. 2022). As shown in
Tab. 4, our framework achieves consistent quality regardless
of the chosen geometry prediction model.

Conclusion

We have introduced a novel framework Vid-CamEdit for
video camera trajectory editing, using generative rendering
grounded by estimated geometry. By combining temporally
consistent geometry estimation and a factorized fine-tuning
approach, we achieve robust and visually consistent novel
view video synthesis.
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