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Figure 1. 4D-grounded video reshooting. Given an input video, Vista4D re-synthesizes the scene with the same dynamics from different
camera trajectories and viewpoints by grounding the input video and target cameras in a 4D point cloud. Vista4D is robust to point cloud
artifacts and generalizes to real-world applications such as 4D scene recomposition and dynamic scene expansion.
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Abstract
We present Vista4D, a robust and flexible video reshooting

framework that grounds the input video and target cameras
in a 4D point cloud. Specifically, given an input video, our
method re-synthesizes the scene with the same dynamics from
a different camera trajectory and viewpoint. Existing video
reshooting methods often struggle with depth estimation ar-
tifacts of real-world dynamic videos, while also failing to
preserve content appearance and failing to maintain precise
camera control for challenging new trajectories. We build
a 4D-grounded point cloud representation with static pixel
segmentation and 4D reconstruction to explicitly preserve
seen content and provide rich camera signals, and we train
with reconstructed multiview dynamic data for robustness
against point cloud artifacts during real-world inference.
Our results demonstrate improved 4D consistency, camera
control, and visual quality compared to state-of-the-art base-
lines under a variety of videos and camera paths. Moreover,
our method generalizes to real-world applications such as
dynamic scene expansion and 4D scene recomposition.

1. Introduction
The camera is the visual portal to the filmmaker’s world,
guiding the audience’s gaze as the story unfolds and con-
structing the narrative’s visual language. While traditional
visual effects can dramatically transform a raw film set into
an immersive spectacle, the ability to manipulate the cam-
era during post-production introduces another dimension of
control over visual storytelling.

To this end, we synthesize or ‘render’ the dynamic scene
specified by an input source video from novel camera tra-
jectories and viewpoints, which we call video reshooting.
Importantly, we must achieve faithful reconstruction of seen
content in the source video and photorealistically plausible
generation of unseen content, all while maintaining precise,
user-definable camera control.

We will employ video diffusion models since they are
powerful priors for generating dynamic content which is
geometrically and temporally coherent [1–6]. We will fur-
ther combine the diffusion models with 4D reconstruction
which lifts the monocular source video into a 4D point cloud,
providing spatiotemporal grounding for reconstruction and a
rich signal for camera control. We present Vista4D, a video
reshooting framework that grounds the source video and tar-
get cameras in a 4D point cloud with temporally-persistent
static pixels, while leveraging the generative priors of video
diffusion models.

Existing works for video reshooting [7–9] condition video
diffusion models on per-frame depth-lifted point clouds ren-
dered in the target cameras. However, they often struggle
with geometry artifacts and/or temporal flickering due to
imprecise 4D reconstruction of real-world dynamic videos
as they are often trained on point cloud renders from precise

depth maps. Moreover, they also struggle with accurate cam-
era control and content preservation with challenging target
camera trajectories and viewpoints.

Vista4D introduces the following key designs that not
only show state-of-the-art visual quality and robustness to
a wide variety of source videos and target cameras but also
extend our method with capabilities beyond vanilla video
reshooting. First, we build a 4D-grounded point cloud repre-
sentation where static pixels are visible from any frame via
segmentation and 4D reconstruction, as opposed to the per-
frame 3D point cloud of baselines. Conditioning with static
pixel temporal persistence establishes both explicit preserva-
tion of seen content and provides rich camera signals even
when the target cameras have little per-frame overlap with
the source video. Second, we augment model training with
dynamic, 4D-reconstructed multiview video pairs that con-
tain depth estimation artifacts from non-frontal views. Thus,
Vista4D is significantly more robust to the quality of real-
world point cloud renders while allowing us to additionally
condition on the source video to utilize video model priors
for geometric coherence. This further enables us to ma-
nipulate the 4D point cloud during inference for real-world
applications beyond video reshooting.

Our contributions are as follows:
• We present Vista4D, a video reshooting framework that

maintains geometric and physical plausibility with real-
world inference, while explicitly preserving seen content
by grounding generation in a 4D point cloud.

• Through extensive quantitative and qualitative compar-
isons, including a user study, we validate the improved
content preservation, camera controllability, and visual
quality of Vista4D over state-of-the-art baselines for a
wide variety of videos and cameras.

• We show that our training extends Vista4D with capa-
bilities that generalize to real-world applications such as
dynamic scene expansion, 4D scene recomposition, and
long video inference with memory.

2. Related work
Video reshooting with explicit priors. For video reshoot-
ing, and more broadly novel view synthesis of static scenes,
3D/4D point clouds provide an explicit and rich spatial prior.
To this end, video reshooting methods with explicit priors
[7–9, 12–14] use video depth estimators [15–17] to render
per-frame camera-space point clouds as conditioning signals
for video diffusion models. Depth estimation priors have
also been widely used for static scene novel view synthesis
(NVS) [18, 19] and video motion control [8, 20]. However,
many of these methods often train on precise depth maps
which inhibits generalization to imperfect real-world depth
estimation, and their per-frame point cloud conditioning
can struggle to preserve seen content and maintain accurate
camera control with challenging camera trajectories.
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Figure 2. Overview of Vista4D. Given an input source video, we build a 4D point cloud where static pixels are temporally persistent via
segmentation and 4D reconstruction. We then render the point cloud in the target cameras which users define. Lastly, the source video and
point cloud render & alpha mask are jointly processed by the finetuned video diffusion model to generate a video of the same dynamic scene
in the target cameras. We provide model architecture details in Supplementary B.

Source video Target video

(b) Source → target(a) Target → source → target

Figure 3. Multiview 4D reconstruction artifacts. (a) Double re-
projection [7] first renders the target video point cloud in the source
camera, then rerendering it in the target camera to create occluded
regions for paired training, thus viewing the target video depth
map from its frontal, artifact-free view. (b) In contrast, rendering
the source video point cloud from the target camera with dynamic
multiview data exposes non-frontal-view artifacts that better match
real-world inference. The above source-target video pair is from
MultiCamVideo [10] with 4D reconstruction by STream3R [11].

Video reshooting with implicit priors. Alternatively, video
shooting methods can also use implicit priors for camera
control such as camera embeddings [10, 21] or video ref-
erences [22] by finetuning video diffusion models on time-
synchronized synthetic multiview data. Image- and camera-
conditioned diffusion models have also been used for static
scene NVS [23–27] and camera-controlled video generation
[28–30]. However, due to the inherent depth scale ambigu-
ity of monocular videos, camera control from implicit-prior
methods is often imprecise and unable to be explicitly ‘pre-
viewed’ unlike point clouds.

4D reconstruction. To provide explicit geometric priors for
video reshooting, we lift the input video into a world-space
point cloud with 4D reconstruction. Traditional structure
from motion [31–33] rely on multiview geometry constraints
but are not robust to dynamic scenes. With the strong per-
formance of learning-based video depth estimation mod-

els [15–17, 34–36], recent works [37–39] combine these
depth priors and camera optimization with SLAM [40] to
obtain robust and coherent dynamic scene reconstruction.
Followed by recent success in end-to-end 3D reconstruc-
tion methods [41–43], end-to-end 4D reconstruction mod-
els [11, 44–47] have also emerged as more efficient alterna-
tives. Some recent methods also predict 4D Gaussians from
monocular videos [48–50], enabling novel view synthesis at
small viewpoint deviations from the input videos.

3. 4D-grounded video reshooting
Given an input source video Xsrc, we first build a 4D point
cloud via 4D reconstruction with temporally-persistent static
pixels defined by static pixel masks from segmentation. We
then render the point cloud from the target cameras and
jointly condition the finetuned video diffusion model on the
source video and point cloud render, producing the output
video. Section 3.1 builds the temporally-persistent point
cloud; Section 3.2 explains the importance of training with
noisily-reconstructed multiview data; Section 3.3 discusses
joint conditioning of source videos and point cloud renders;
and Section 3.4 describes data and training details. Our
method is illustrated in Figure 2.

3.1. Building a temporally-persistent 4D point cloud
To explicitly preserve seen content in the source video and
provide more accurate camera control especially when tar-
get cameras have little per-frame overlap with the source
video, we build a temporally-persistent 4D point cloud. We
first use 4D reconstruction [11, 44] to obtain depths Dsrc,
camera extrinsics Tsrc, and camera intrinsics Ksrc, and we
use segmentation [51–53] to obtain a static pixel mask Mstc.
We then lift the source video into a world-space per-frame
3D point cloud

P = Ω
(
Φ−1 ([Xsrc,Dsrc],Ksrc) ,Tsrc

)
, (1)

where Φ−1 and Ω are the inverse perspective projection
and world-space transformation. Since the per-frame point
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cloud P is grounded in world space, we use Mstc to make
static pixels persistent across all frames to incorporate ex-
plicit 4D context in our point cloud rendering, obtaining the
temporally-persistent point cloud P. Then, we render P
from the target cameras, obtaining the point cloud render
Xsrc→tgt and its alpha mask Msrc→tgt as temporally persis-
tent, 4D-grounded priors for the video diffusion model.

3.2. Training with noisy multiview data
So far, generating our 4D point cloud requires source-
target video pairs: The source video builds the temporally-
persistent point cloud, and the target video defines the target
cameras. Because 4D reconstruction methods are imperfect,
the point cloud render during inference often contain geo-
metric artifacts when the target cameras deviate far from
the frontal view of the lifted point cloud. This is especially
true for dynamic pixels where depth estimators cannot lever-
age multiview geometry constraints from moving cameras.
Existing methods [7–9] instead train with artifact-free point
clouds, which essentially simplify video reshooting to in-
painting. For example, as illustrated in Figure 3 (a), Tra-
jectoryCrafter [7] applies double-reprojection to monocular
videos to obtain paired data of point cloud renders and tar-
get videos, which always views the depth maps from their
frontal, artifact-free view. In contrast, we train with multi-
view dynamic-scene videos with 4D-reconstructed depths
and cameras, which results in spatially mismatching point
clouds artifacts compared to the target video as shown in
Figure 3 (b). Thus, our method moves beyond inpainting
and instead corrects imperfect point cloud geometry.

As real-world multiview video datasets with dynamic
scenes are rare and small in scale, we use synthetic multiview
dynamic videos to train our model as in [10]. Moreover, to
ensure the model is generalizable to real-world video inputs
while being robust to noisy 4D reconstruction, we train with
a mix of multiview synthetic and real-world monocular data.
For monocular data, following TrajectoryCrafter [7], we first
render the point cloud of the target video from heuristic-
generated source cameras to produce Xtgt→src. Then, we
render Xtgt→src back to the original target cameras to pro-
duce the double-reprojected point cloud render.

3.3. Conditioning on source videos and point clouds
Point cloud artifacts during real-world inference obfuscate
not only geometry but also appearance information from
the source video. Thus, while some existing methods only
condition on point cloud renders [8, 9], we also condition on
source videos to utilize video diffusion model priors for trans-
ferring geometric and appearance information like implicit-
prior methods do [10, 22]. Unlike TrajectoryCrafter’s cross-
attention injection of source videos [7], we concatenate the
patchified latent tokens of the source video and point cloud
render with the noisy target latent tokens along the frame di-

Table 1. Camera control accuracy and 3D consistency. Vista4D
consistently shows the most accurate camera control compared to
baselines with superior rotation, translation, and intrinsics errors.
Our method also significantly outperforms baselines in per-frame
3D consistency with the lowest reprojection error under SuperGlue
(RE@SG) [57–59]. Bold indicates best results.

Method
Translation

error ⇓
Rotation
error ⇓

Intrinsics
error ⇓

RE@SG
⇓

ReCamMaster [10] 1.574 12.79 11.16 23.66
CamCloneMaster [22] 2.132 23.77 6.422 23.38
TrajectoryCrafter [7] 1.434 6.838 6.671 120.5
EX-4D [9] 1.325 5.941 5.182 13.11
GEN3C [8] 1.309 4.751 5.085 12.99
Vista4D (ours) 1.251 4.647 4.927 7.504

Table 2. Novel-view video synthesis. Vista4D shows comparable
to superior noel-view video synthesis performance on the iphone
dataset [60]. EPE (endpoint error) measures optical flow error
between the generated and ground truth videos and indicates scene
motion reconstruction. Bold indicates best results.

Method
mPSNR

⇑
mSSIM

⇑
mLPIPS

⇓
PSNR
⇑

SSIM
⇑

LPIPS
⇓

EPE
⇓

ReCamMaster [10] 10.84 0.444 0.692 10.96 0.262 0.755 4.681
CamCloneMaster [22] 11.14 0.444 0.651 11.17 0.260 0.713 4.318
TrajectoryCrafter [7] 13.82 0.492 0.569 13.06 0.320 0.656 2.375
EX-4D [9] 12.85 0.479 0.596 12.64 0.305 0.669 4.269
GEN3C [8] 12.19 0.447 0.608 12.06 0.260 0.679 3.019
Vista4D (ours) 14.09 0.480 0.461 14.14 0.310 0.514 1.142

mension. We find that in-context conditioning best preserves
source video content and is thus more robust to point cloud
artifacts, which we ablate in Supplementary F.

Thus, given the source video Xsrc, point cloud render
Xsrc→tgt and its alpha mask Msrc→tgt, and target cameras
Ctgt = (Ktgt,Ttgt), we finetune a video diffusion trans-
former ϵθ to generate the target video Xtgt with the flow
matching objective

L =
∥∥ϵθ (Xtgt

t ,Xsrc→tgt,Msrc→tgt,Xsrc,Ctgt, t
)
−V

∥∥ ,
(2)

where V = Xtgt − ϵ and Xtgt
t is the noisy target video at

timestep t by sampled Gaussian ϵ. We inject the target cam-
eras Ctgt as Plücker embeddings [54–56] via zero-initialized
linear projections, with an identity-initialized projection after
self-attention, inspired by ReCamMaster [10]. We provide
model architecture details in Supplementary B.

Conditioning the model with both the source video and
point cloud render allows the model to learn to propagate
geometry and appearance information from the source to
the output video. For monocular training videos without a
ground-truth Xsrc, we condition the model on Xtgt→src as
an occluded source video with its alpha mask to still learn
this propagation.

3.4. Training details and datasets
For the base video generation model, we build off of
Wan2.1-T2V-14B [2], a pretrained text-to-video flow
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Table 3. Video fidelity. Vista4D consistently outperform point-cloud-conditioned (explicit-prior) baselines for the video fidelity metrics
FID, FVD, CLIP-T, and metrics from VBench [61] and VBench-2.0 [62]. Implicit-prior methods (ReCamMaster and CamCloneMaster)
outperform our method in some metrics due to their low camera control accuracy (Table 1) that result in output videos with similar, usually
more static, cameras to the input video which produces better FID, FVD, and VBench consistency metrics. Bold indicates best results.

Method Camera
control

FID
⇓

FVD
×103 ⇓

CLIP-T
⇑

VBench [61] & VBench-2.0 [62]

Aesthetic
quality ⇑

Imaging
quality ⇑

Subject
consistency ⇑

Background
consistency ⇑

Temporal
style ⇑

Human
anatomy ⇑

ReCamMaster [10] Extrinsics 94.15 1.203 0.319 0.552 0.701 0.913 0.934 0.243 0.759
CamCloneMaster [22] Ref. video 101.4 1.406 0.321 0.560 0.709 0.886 0.915 0.247 0.711

TrajectoryCrafter [7] Point cloud 125.6 1.640 0.305 0.509 0.650 0.854 0.906 0.241 0.790
EX-4D [9] Point cloud 124.6 1.481 0.296 0.480 0.660 0.849 0.894 0.226 0.687
GEN3C [8] Point cloud 113.5 1.441 0.318 0.519 0.660 0.857 0.913 0.245 0.775
Vista4D (ours) Point cloud 105.4 1.418 0.326 0.567 0.716 0.883 0.916 0.253 0.857

Table 4. User study. Participants consistently perfer Vista4D over
baselines on source video content preservation, camera control
accuracy, and overall video fidelity. Bold indicates best results.

Method
Source

preservation ⇑
Camera

accuracy ⇑
Overall

fidelity ⇑
ReCamMaster [10] 9.921% 1.905% 4.365%
CamCloneMaster [22] 15.63% 6.429% 11.03%
TrajectoryCrafter [7] 0.952% 5.952% 0.476%
EX-4D [9] 1.587% 6.508% 0.794%
GEN3C [8] 4.841% 11.03% 5.952%
Vista4D (ours) 67.06% 68.17% 77.38%

matching [63] video diffusion transformer [64]. We fine-
tune the model at a resolution of 672× 384 for 30,000 steps,
then at 1280× 720 for 300 steps, both with 49-frame videos,
a global batch size of 8, and the AdamW optimizer with a
learning rate of 1 × 10−5. We train the patchify layers for
Xsrc and Xsrc→tgt, self-attention layers, camera encoders,
and projectors, while freezing all other parameters.
Datasets. For multiview time-synchronized videos, we
adopt the synthetic MultiCamVideo dataset from ReCam-
Master [10], and we run 4D reconstruction across all views
with STream3R [11]. For real-world monocular videos,
we adopt a 60K subset from OpenVidHD-0.4M [65]
and run 4D reconstruction with π3 [44]. For segmenting
static pixels, inspired by Uni4D [38], we obtain semantic
classes with RAM [66], filter for dynamic subjects/nouns
with Llama-3.1-8B-Instruct [67], and segment per-
frame dynamic pixels with Grounded SAM 2 [51–53] and
invert the resulting masks.

4. Experiments

Baselines. We compare Vista4D to state-of-the-art video
reshooting methods. For explicit-prior methods, Trajecto-
ryCrafter [7] introduces the double-reprojection technique to
generate training pairs from monocular dynamic videos, EX-
4D [9] proposes the Depth Watertight Mesh during inference
to train on tracking-based inpainting, and GEN3C [8] builds
a 3D cache with pooling-based fusion for sparse-view novel-

Ground truthVista4D (ours)GEN3CTrajectoryCrafterEX-4DReCamMaster CamCloneMaster

Figure 4. Qualitative comparison on novel-view synthesis. We
show two samples of Vista4D compared our baselines on the
iphone dataset [60].

view synthesis. For implicit-prior methods, ReCamMas-
ter [10] constructs a synthetic multiview time-synchronized
video dataset to train a camera-conditioned model, and Cam-
CloneMaster [22] replicates camera trajectories from ref-
erence videos. We use our 672 × 384 checkpoint for all
quantitative evaluations and the user study.
Evaluation dataset. For quantitative evaluation, we create
an evaluation dataset of high quality, diverse 110 video-
camera pairs: We select 51 videos from DAVIS [68] and
the royalty-free stock video website Pexels [69]. Then, we
run 4D reconstruction with π3 [44] and segmentation with
Grounded SAM 2 [51–53], and we design two to three cam-
era trajectories for each video with our camera design UI,
which we show examples of in Supplementary D.

4.1. Quantitative comparisons
We quantitatively compare Vista4D to baselines and show
our method’s superiority on three dimensions: Camera con-
trol and 3D consistency, novel-view video synthesis, and
video fidelity. We include details of each quantitative evalua-
tion metric in Supplementary E.
Camera control accuracy and 3D consistency. We com-
pare camera control accuracy and 3D consistency Vista4D
to baselines in Table 1 on our 110 video-camera pair dataset.
For camera control accuracy, we measure translation, rota-
tion, and intrinsics error between target cameras from the
evaluation dataset and 4D-reconstruction-predicted cameras
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Figure 5. Qualitative comparison on real-life monocular videos. We show two video reshooting examples of Vista4D compared to our
baselines, TrajectoryCrafter [7], GEN3C [8], EX-4D [9], ReCamMaster [10], and CamCloneMaster [22].

of generated videos from each method [10, 56]. For 3D
consistency between the source and output videos, follow-
ing Pippo [59], we adopt the per-frame reprojection error of
SuperPoint [58] landmarks under SuperGlue (RE@SG) [57].
Our method consistently exhibits more accurate camera con-
trol compared to baselines, especially against implicit-prior
methods. Moreover, our method significantly outperforms
baselines in 3D consistency, showcasing its output geometric
plausibility despite noisy real-world 4D reconstruction.

Novel-view video synthesis. We compare novel-view video
synthesis quality of Vista4D to baselines in Table 2 on the
real-world time-synchronized multiview dataset, iphone

[60]. We measure masked (indicated by the prefix “m”)
and full PSNR, SSIM, and LPIPS for synthesis quality [60],
along with optical flow endpoint error (EPE) for motion qual-
ity [70]. Our method outperforms baselines in PSNR and
LPIPS, indicating our superior spatial reconstruction quality.
We also significantly outperform baselines for EPE, indicat-
ing our method’s ability to preserve source video motion.
Note that even though we are behind TrajectoryCrafter [7]
for SSIM, viewing the synthesized videos quickly reveal sig-
nificant artifacts in the latter’s outputs not caught by SSIM,
examples of which we show in Figure 4.

Video fidelity. We evaluate video fidelity and quality of
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Figure 6. Robustness to segmentation failure. We simulate seg-
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Vista4D is generally robust to these point cloud streaks as it utilizes
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Figure 7. Dynamic scene expansion. With our 4D-grounded
temporally-persistent point cloud, Vista4D can do video reshooting
with additional scene information from casual scene captures or
alternate angles by doing joint 4D reconstruction of these frames
with the source video. Doing so reduces video model hallucinations
and provides stronger control beyond the source video.

Vista4D to baselines in Table 3 on our 110 video-camera pair
dataset. We use FID [71], FVD [72], VBench (aesthetic qual-
ity, imaging quality, subject consistency, background con-
sistency, and temporal style) [61], and VBench-2.0 (human
anatomy) [62] to evaluate video fidelity, and CLIP-T [73]
for prompt alignment. Our method consistently outperforms
point-cloud-conditioned (explicit-prior) baselines, especially
in aesthetic quality, imaging quality, and human anatomy due
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Figure 8. 4D scene recomposition. By directly editing the 4D
point cloud, Vista4D can recompose 4D scenes from the source
video or other inserted videos. Importantly, our method synthesizes
physically plausible lighting when inserting a rhino lit by sunlight
through leaves into an otherwise overcast scene.

to our robustness to point cloud artifacts. Implicit-prior meth-
ods (ReCamMaster and CamCloneMaster) perform better in
FID, FVD, subject consistency, and background consistency
because they often fail to follow the target cameras, resulting
in relatively little camera change from the source video and
thus seemingly better metrics. Qualitative comparisons are
in Figure 5 and Supplementary A, along with the user study
in Table 4, show our method’s clear high video fidelity.

4.2. Qualitative comparisons
We qualitatively compare Vista4D to baselines in Figure 5
on two example real-life monocular videos, where we show
the point cloud render to illustrate the intended cameras
in addition to the written description. Explicit-prior meth-
ods (EX-4D, TrajectoryCrafter, and GEN3C) all struggle
with point cloud artifacts from target cameras at non-frontal
views of the depth maps, resulting in subject and background
artifacts (e.g., TrajectoryCrafter, left video; all three meth-
ods, right video) or camera control failure (e.g., EX-4D and
GEN3C, left video). Implicit-prior methods (ReCamMas-
ter and CamCloneMaster) similarly struggle with precise
camera control (ReCamMaster, left video; both methods,
right video) and subject artifacts (both methods, left video).
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Figure 9. Long video inference with memory. Vista4D can reshoot long videos by doing inference in chunks. By registering static pixels
of newly generated chunks back into the temporally-persistent 4D point cloud, Vista4D maintains an explicit, 4D-grounded memory of
generated content. We showcase this above as the camera arcs around the scene, indicated with color-matched yellow and pink boxes.

In contrast, our method produces high-quality outputs that
not only faithfully preserves source video content but also
follows the target cameras. We include more comprehensive
qualitative results and comparisons in Supplementary A.

User study. We show the results of our user study in Ta-
ble 4, where we ask participants to compare our method to
baselines on three dimensions: Source video content preser-
vation, camera control accuracy, and overall video fidelity.
We randomly select a subset of 30 video-camera pairs from
the 110-pair evaluation dataset and invite 42 participants
to select their preferred method for each pair and each di-
mension. Users consistently prefer our method by a wide
margin over baselines on all dimensions, especially overall
video fidelity due to our method’s robustness to point cloud
artifacts and challenging camera trajectories and viewpoints.
We include details of our user study in Supplementary D.

Robustness to segmentation failure. Since Vista4D uses
Grounded SAM 2 to segment dynamic pixels, segmentation
failures can result in point cloud streaking artifacts. How-
ever, Vista4D is generally robust to them. For example, we
simulate segmentation failure in Figure 6 by deliberately
not segmenting the tennis racket, and Vista4D corrects the
streaking just like it corrects imperfect point cloud geometry,
that is, by utilizing the in-context-conditioned source video.
Broadly, we observe that streaking artifacts during inference
are rare or inconsequential, especially compared to the im-
proved camera control and 4D consistency from static pixel
temporal persistence.

4.3. Ablation study

We study the effects of our data and model conditioning
on source video content preservation and robustness to im-
perfect 4D reconstruction. We perform ablations combina-
tions of the following design choices: No depth artifacts (by
always doing double reprojection), no source video, cross-
attention source video injection, and no temporal persistence.
We find that the combination of training with depth artifacts
and the (in-context conditioned) source video enables our
model’s ability to be robust to 4D reconstruction artifacts,
particularly both spatial artifacts (imprecise depths from non-
frontal views) and temporal artifacts (jittering depths). We

also find that removing temporal persistence reduces our
model’s ability to both preserve static content and maintain
accurate camera control when the source video and target
cameras have low per-frame overlap. We show examples of
both findings in Supplementary F.

4.4. Applications

Dynamic scene expansion. Video reshooting requires the
video diffusion models to hallucinate pixels not existent
in the source video, even though we often have more vi-
sual information of the environment. For example, we may
have casual captures of a scene or alternate camera angles
on a film set. Vista4D’s explicit context grounding with
temporally-persistent 4D point clouds enables us to incorpo-
rate this information by doing joint 4D reconstruction of the
source video and additional scene frames. Figure 7 shows
an example of dynamic scene expansion, where the addition
of temporally-persistent casual scene captures enables more
faithful environment reproduction.

4D scene recomposition. As Vista4D is trained to be robust
to point cloud artifacts, we can directly edit and recompose
the 4D point cloud to manipulate, duplicate, delete, and even
insert new subjects while maintaining their dynamics. Fig-
ure 8 shows examples of 4D scene recomposition. Notably,
the Figure includes an example where we insert the point
cloud of a rhino illuminated by sunlight through leaves into
an overcast funeral procession scene. Our method naturally
blends these differing lighting conditions, generating a re-
gion of dappled light around the rhino while keeping the
procession in soft shadows under the trees.

Long-video inference with memory. For video reshooting
on long videos beyond the video diffusion model’s trained
context window, our temporally-persistent 4D point cloud
acts as an explicit, compressed context to retain generated
static content across camera viewpoint changes. To do so,
we autoregressively generate chunks of the video in target
cameras that fit within our model’s context window, where
we train a variant of our model based on the first-frame-
conditioned Wan2.1-I2V-14B to ensure visual consis-
tency between chunks. Figure 9 shows an example of long-
video inference that retains memory of generated content.
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