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Figure 1. Our framework enables zero-shot generation of diverse dynamic 4D scenes from a single image and text prompt. By leveraging
monocular video generation and enforcing geometric stability through view-plane constrained Gaussian splatting, our method produces
spatially and temporally consistent 4D representations with clean geometry, controllable dynamics, and high-fidelity novel-view renderings.

Abstract

We present a novel framework for dynamic 3D scene gen-
eration conditioned on image and text. Existing methods
on dynamic 3D scene generation either require a physics
simulator to solve the scene dynamics based on the dy-
namic objects’ materials that are not generalizable to com-
plicated real-world scenes, or require computationally ex-
pensive large-scale training. In contrast, we present a zero-
shot, simulation-free pipeline that takes advantage of pow-
erful pretrained video generation models to generalize ef-
fectively to complex real-world scenes. Our method first
uses a pretrained image and text to video model to syn-
thesize a monocular video, and subsequently reconstructs
the dynamic 3D scene using 4D Gaussian Splatting. How-
ever, directly applying vanilla 4D Gaussian Splatting to
monocular videos often leads to artifacts due to incom-
plete geometry and view inconsistency. To address these
problems, we introduce 1) a geometry-based 4D Gaus-

sian initialization to enhance structural accuracy, 2) an in-
painting layering strategy to resolve disocclusion hole ar-
tifacts that emerge under novel-view rendering, and 3) a
view-plane—constrained splatting to avoid floating Gaus-
sian points. The resulting 4D Gaussians enable controllable
rendering from different viewing angles.

1. Introduction

In recent years, substantial progress has been made in im-
age [4, 5, 8, 32], video [10, 30], and 3D generation [37].
This has directly motivated recent interest in generative
world modeling, which has broad applications in areas such
as video games, embodied Al, and AR/VR. Despite the
progress, generating dynamic 3D scenes from a single im-
age or text prompt remains highly challenging, as it re-
quires maintaining both temporal coherence and geometric
consistency. Furthermore, there are no existing large-scale
datasets of dynamic 3D scenes as they are extremely hard to



collect, which means it is infeasible to use brute-force train-
ing to endow models with robust generative capabilities.

Most existing works on 4D generation focus on dynamic
objects [1] that neglect the background and scene context.
Compared to object-level generation, scene-level 4D gen-
eration is considerably more challenging due to the pres-
ence of complex geometries, diverse motions, and interac-
tions between objects and the environment. One line of re-
search uses physics simulators [16, 17] such as PBD (Posi-
tion Based Dynamics) and MDM (Material Point Method)
to simulate the dynamic part of the scene. However, these
approaches struggle to generalize to complex real-world
motions and materials, and are typically restricted to clean,
synthetic environments. Another direction directly gener-
ates large-scale spatial- and temporal-variant data for train-
ing purposes [38], but this is computationally expensive and
its performance is heavily dependent on the quality of the
generated data. Recent work has also explored zero-shot 4D
generation [18], which first synthesizes multi-view videos
and then performs 4D reconstruction from them. How-
ever, despite various engineering efforts, this method highly
relies on the performance of multi-view video generation,
which usually struggles to achieve precise geometric align-
ment for complex scenes, resulting in blurry or distorted
geometry.

To address these challenges, we propose a framework
for zero-shot dynamic 3D generation as shown in Fig. 1.
We turn to use monocular video generation, which pro-
vides inherently stronger spatial consistency within a single
clip compared to multiple generated videos from different
views. Nevertheless, performing 4D reconstruction from
monocular videos remains highly challenging due to the
absence of multi-view supervision. Applying standard 4D
gaussian reconstruction [34] or its existing variants directly
leads to severe floating-point artifacts when the camera de-
viates even slightly from the training trajectory, as well as
empty regions around dynamic objects, i.e., disocclusion ar-
tifacts.

To address these issues, we introduce a view-plane con-
strained Gaussian splatting (VC-GS) that restricts the move-
ment of Gaussian positions along the depth (z) axis relative
to the training camera during optimization. This constraint
is motivated by the observation that most floating-point ar-
tifacts occur along the depth direction, which is hard to re-
move via optimization under a monocular setting. Although
the movement of Gaussian points along the depth direction
is constrained, our experiment shows VC-GS is still capable
of modeling dynamic objects moving along the depth direc-
tion. Furthermore, to address the issue of disocclusion arti-
facts around dynamic objects, we introduce a disentangled
design that separates the static and dynamic layers. Specif-
ically, we employ an offline model RoMo [6] to disentan-
gle the static background and dynamic objects of the video,

with VGGT [31] to estimate the camera poses and depth
maps of both the layers respectively. With the geometric
information, the background video is further inpainted us-
ing [39] to fill the disocclusion regions in a view-consistent
manner.

Opverall, our contributions are threefold:

* We introduce a zero-shot dynamic 3D scene generation
framework from a single image, without requiring multi-
view supervision or physical modeling.

* We propose a view-plane constrained Gaussian splatting
(VC-GS) that effectively suppresses floating artifacts and
improves geometric stability under monocular settings.

* We develop a disentangled static—dynamic layers method
to handle disocclusion artifacts, yielding significantly
cleaner and more complete reconstructions of dynamic
scenes.

2. Related Work

2.1. 3D/4D World Generation

Recent work in 3D/4D world generation has prioritized
speed and efficiency, largely shifting from implicit volu-
metric fields [20] to explicit Gaussian Splatting [13] vari-
ants. For large-scale static environments, methods like
WonderJourney [35] pioneered perpetual scene generation
using LLMs for narrative coherence and structure, while
WonderWorld [36] addressed interactivity by introducing
the FLAGS (Fast LAyered Gaussian Surfels) representation
and Guided Depth Diffusion to achieve fast, seamless scene
composition in approximately 9.5 seconds per scene. In
the dynamic 4D domain, the movement is toward removing
optimization overhead in reconstruction: L4GM [24] intro-
duced the first large reconstruction model capable of pre-
dicting 4D Gaussian Splattings [33] in a single feed-forward
pass, achieving near-instantaneous reconstruction in ap-
proximately 3 seconds. Complementarily, Instant4D [19]
focuses on efficient monocular reconstruction, achieving a
30 speed-up via a Grid Pruning Strategy and a stream-
lined, isotropic 4DGS formulation. In terms of 4D gener-
ation, Free4D [18] approaches generative synthesis using a
tuning-free distillation framework that leverages pre-trained
2D diffusion models. DimensionX [29] addresses single-
image 4D scene creation via a decoupled video diffusion
framework finetuned from pre-trained video diffusion mod-
els. PhysGen [17] achieves rigid physics-plausible videos
via a training-free pipeline that uses zero-shot visual foun-
dation models. WonderPlay [16] further supports 4D scene
generation conditioned on physical actions by leveraging
physics simulation and a video diffusion model that refines
renderings from the physics simulator.



Figure 2. With a single image as input, we prompt a video diffusion model to predict a dynamic video. RoMo [6] and VGGT [31] are
further used to decompose the video into static and dynamic layers with geometry parameters like camera poses and depth maps. The
static background images with holes are lled via a view-consistent inpainting. Finally, a view-plane constraint Gaussian splatting is well
initialized and is further optimized to represent the foreground and background which are combined to represent the full 4D scene.

2.2. Video Generation Models 3.1. Image and Text to Video.

] ) o _ Given user-provided images and text descriptions, we em-
Video generation has advanced rapldly in recent_years, Wlthp|oy a large pretrained video generation model [30] to gen-
modern approaches mostly adopting the paradigms of de-g(41e 4 5-second video. This process is performed in a zero-
noising diffusion. Video diffusion has been explored in both gpqt manner, requiring no architectural modi cation or ad-

pixel space [9, 28] and latent space [2, 3], with architectures gjtional ne-tuning. We denote the generated video frames
evolving from early Space-Time U-Nets [2, 10] to more re- 45| = f| (g, where N is the total frame number.

cent DiT-based designs [7, 22]. Signi cant industrial invest-
ment has driven the development of large video diffusion 3.2. Dynamic & Static Disentanglement.

mold((ajl_s, leading to severaldr‘nluln-bllrl]lon Q/sramg(t)er m((j)cli_|els, Based on the video generated from the rst stage, we then
Inclu 'rllg oper:j—solurc%mo els sucd "’lls ar;‘[ ]San g;"use 4DGS to reconstruct the scene, which is represented
yuan [15], and closed-source models such as Sora [21],,5 ¢ = fGgl, . At each timestamp t, the scene is de-

Mowe-_Gen [23.]’ and Seg\_/v_eeq [271. The_se_ moo!els demon'composed into dynamic and static components, denoted as

strate impressive capabilities in synthesizing high- delity, G =D [S , where Q and § correspond to the dynamic

temp_orally cohe_rent videqs that exhibit visually plausible and static reg;ions of the scene, respectively.

physics and motion dynamics. To obtain the dynamic regions, we employ a motion
segmentation model [6] to estimate a set of binary masks
M =fM g}, , where each M = 1 indicates pixels clas-
sied as dynamic. Consequently, the dynamic region at

3. Method timestamp t can be expressed ags B 1 { \ M ;. How-
ever, a straightforward formulation of the static region as
Problem Formulation. Given a single image that species D; = 1\ (1 M ) will lead to artifacts such as holes

the content of the scene and a text prompt that describesand distortions around the boundaries of dynamic objects,
how the scene should change over time, our goal is to gen-primarily due to the insuf cient multiview coverage in a
erate an interactable 4D scene representation as shown imonocular 4D reconstruction setting.

Fig. 2. For example, when provided with animage of agar-  Consistent Inpaiting To address this problem, we pro-
den lled with owers and the prompt “let the wind breeze pose to inpaint the static background regions that are oc-
through the garden”, our framework synthesizes 4DGS rep-cluded by dynamic foreground objects at each frame. Al-
resentation that captures how the owers sway in responsethough our setting assumes a dynamic foreground and a
to the breeze. The resulting 4DGS can then be renderedstatic background (which holds for nearly all the scenarios),
from arbitrary camera trajectories, enabling immersive and the same method can be applied in the reverse case, i.e., a
controllable visualization of the generated dynamic scene. dynamic background with a static foreground, by inpainting



the dynamic background regions. Naively inpainting each
frame independently using a 2D inpainting model will in-
troduce inconsistencies across frames. To address this, we
input both the masks M = fMgl; and the video frames

| =fl g}, into an object-removal video model [39] (re-
moving dynamic objects is equivalent to inpainting their oc-
cluded background regions) to recover the complete static
regions S = fS;gl, . This effectively resolves inter-frame
inconsistencies.

3.3. Monocular 4D Reconstruction.

This sub-section de nes our View-plane Constrained
Gaussian Splatting for effective Monocular 4D Recon-
struction. Notably, each scene E is decomposed into a static
part and a dynamic part as described above. To perform
monocular 4D reconstruction, we use VGGT to estimate the
camera poses and depth maps of the video.

Figure 3. Results of applying different constraints to Gaussian op-
Motion Modeling. Each part contains a set of 4D timization. Leftis regular 4D Gaussian Splatting, which is able to
Gaussians, each parameterized by a 4D location = ttraining views but presents clear oater artifacts for novel view
(xiyi 2z 1) 2 R4, a diagonal scale vector s = rendering. Middle is zero-setting the offset of dynamic Gaussian
(Sxyz s;)>, a scalar opacity , and a rotation matrix R 2 positions, which struggles to over t training views and presents

R4 . Unlike prior 4DGS [34] work that relies on high- needle artifacts. Left is our view-plane constraint Gaussian Splat-

order Spherical Harmonics function, we model the Gaus- Flng, which both t training views and present high-quality render-

sian's appearance with RGB value as in [36]. ing for novel views.
Similar to [16, 36], we adopt a surfel-like Gaussian rep-

resentation with a covariance matrix as below: dynamic scene geometry. As a result, there will be “cheat-
. 5 2 2 2 ~T. ing oaters”, which become exposed when rendering from
=Qdiag  si;sy; %St QS (1) a new viewpoint as shown in Fig. 3. Notably, our ini-

tialization mechanism provides a good initial geometry of

where  min(s ;sy) is a tiny number. Notice that this - :
form can be seen as a variant of 4DGS, where every Gaus-4DGS' but we empirically found that the geometry will de-

sian kernel's z-axis is shrunk to a tiny number, and it re- ?rfade_ clea_rly by the offsei[ tetrm durmg;ptlgnzsno?ﬁ. €.,
moves view-dependent colors. X ¥, 29 = 134 44 ( t) In Eq. 2. For this
We condition a multivariate 4D Gaussian primitive to- case, we may consider naively setting all Gaussian offsets

wards a 3D Gaussian primitive at timestamp t during the fxy; 29 to zero, only letting the covariance term (_|n
N ; . Eq. 3) be time-dependent. However, we nd that this strat-
rendering time [34], which can be formulated as follows:

egy will lead to “needle” artifacts during rendering, as only
+oama At ): ) covariance can be optimized to model object motion.
4:4 t)s .
’ On the other hand, we empirically nd that the oater
artifacts are caused by the movement of Gaussian positions
szt = 1313 1:3:4 41;4 413" (3) along the depth direction. To this end, we propose to con-
strain the Gaussian offset on the view plane, with limited
This conditioned form encodes continuous motion without exibility along the depth direction as shown in Fig. 4.
explicit trajectory storage. Here we denote the Gaussian offset in camera coordinate
as X ¢ Y ¢, Z ¢, the camera rotation and transition as R
View-plane Constrained Gaussian Splatting. With the  and t. The relation of offsets in world coordinate and cam-
generated monocular video, we propose View-plane Con-€ra coordinate can be written as:
straint Gaussian Splatting (VC-GS) to effectively represent
and reconstruct the dynamic 3D scene. Reconstructing a 4D
scene from a single moving camera is an under-constrainedrpen the constraint offset in camera coordinate can be writ-
problem, without guaranteed geometric triangulation. Thus, (o as:
for monocular reconstruction, regular 4DGS are only able
to over t the training views while struggling to recover the X Ve Z

xyzjt = 13

X Ve Zc=R(xvy 2+t (4

=X VYo" zZ g (5)



training frame, which actually provides initialization infor-
mation for a camera pose at a certain timestep, instead of
across all timesteps. On the other hand, we have disen-
tangled the static and dynamic regions of training frames.
Thus, for the static region, we initialize the VC-GS across
different timesteps with the same position, color, orienta-
tions, and scales. For the dynamic region, we only initialize
the VC-GS at the corresponding timestep.

Optimization. Our optimization of the layers goes from
Figure 4. lllustration of the view-plane constraint Gaussian splat- static background to dynamic foreground. We rst opti-
ting (VC-GS). The Gaussian offset is mainly constrained to the mjze the background with the photometric loss against the
V'lew ptlsned astszr.mtetq by % dandty & e "L"'tec!, exibility i inpainted static scene. Then, we optimize the foreground
along the depih Arection as denoted by czWnere “1S a SmMall|ayer Laynamic 0N top of both the frozen static layerhc
value to constrain the offset z. . . . e

against the original scene images. We optimize for the

opacity, orientation, and scales, but not for colors and 3D

where " is a small value to constrain the offset along z direc- POSitions of VC-GS (time-dependent locations can be op-
tion. We set it as 0.05 empirically. So the constraint offset timized with optimizable orientation). Our training video

in world coordinate is derived as: has 30.frames, which is optimized usir!g Adan_1 [14]._ Th_ere
is pruning to remove redundant Gaussians points initialized
x %y 2%z0%=R>(x %y %z (6 from camera unprojection, without incorporating the densi-

cation mechanism in 3DGS [13].

which serves as the nal offset for the Gaussian positions  During rendering, we view the scene E as a union of
during optimization. static and dynamic layers, i.e.,

This method gives exibility to the 4DGS to t mov-
ing objects but also constrains the undesired offset learn- E = L aynamidL staic= U i;0i;Si; 0} G ghoeme™ s (7)
ing, which will lead to geometry degradation. Notably, we
also show that this method also allows to model the motions Where Ng/Npg denotes the number of Gaussians. VC-GS
along depth direction, although the movement of Gaussiangenerally follows the structure of 4DGS, where the time-

along the direction is constrained. Please see experimenfleépendent Gaussian motion along the view plane is con-
section 4 for more details. strained to a small value, removing oaters during novel

view rendering. Thus, we can utilize the same differentiable
rendering pipeline (i.e., 4D-to0-3D, 3D-to-2D projection and
alpha blending) as 4DGS [34] for rendering VC-GS.

In monocular 4DGS primitive modeling, static back-

Initialization. Optimizing dynamic 3D scene representa-
tions from monocular videos requires dealing with severe
geometry uncertainty. We thus design a careful initializa- round primitives can vanish once they leave the camera
tion scheme for dynamic scene representation, so that th

timization Serv teD 1o re ne the G ians and i rustum unless they are explicitly distinguished from mov-
op ation serves as a step o reé ne the >aussians a Smg objects. We apply the motion mask obtained from
not required to learn the geometry from scratch.

S . . s RoMo [6] as described in Sec. 3.2. To make our 4D prim-
The rst design is the pixel-aligned geometry initializa-

. . . . itive aware of the underlying motion in the monocular dy-
tion. Speci cally, given the estimated depth, camera poses, ying y

nd disentanaled static & dvnamic im we unproiect th namic scene. Considering opacity and Equation 7, we can
a sentangied static & dynamic images, we Unprojectine , y y,a1 i the case of our isotropic Gaussians, the temporal
pixels to the 3D space to initialize the VC-GS positions.

o scaling would be the only term in the covariance that affects
Therefore, the color. of a VC-GS can be initialized as the the Gaussian attribute related to time.
RGB values of the pixel.

For the orientations and scales, we extend the initializa-
tion methods in WonderWorld [36] to 4D setting. Specif-
ically, the orientation is initialized according to the per- Baselines. We compare our framework with current state-
pixel normal estimated by Marigold Normal [12]. The scale of-the-art methods 4D scene generation methods. This in-
is initialized based on the estimated normal and Nyquist cludes DimensionX [29], which can generate 4D scenes us-
sampling theorem, aiming to minimize rendering aliasing ing controllable video diffusion, and Free4D [18], a tuning-
caused by very small scales and avoid slowing down thefree framework designed for 4D scene generation. Both of
optimization caused by overly big Gaussians. them take an image and a text prompt as input. For fair

Notably, this pixel-aligned initialization relies on the comparison, for DimensionX, during evaluation we input

4. Experiments



Figure 5. Qualitative comparisons of image-to-4D. We present the results using the same image as input.

Notably, our framework (including VC-GS) is designed
for scene generation, and therefore we do not compare
VC-GS with monocular reconstruction methods, following
the evaluation protocol adopted in WonderWorld (FLAGS)
[36].
Evaluation Metrics. To assess the quality of videos
rendered from our 4D representations, we report standard
VBench [11] metrics, including Consistency (averaged over
subject and background consistency), Aesthetic Score, and
Dynamic Degree. Following common practice, we curate
15 samples for evaluation, consisting of both real pho-
tographs and several Al-generated images from [5]. We ad-
ditionally use text prompts to control camera trajectories,
such as move up, move left, move right, and follow the sub-
ject, to generate the test videos. In our experiments, we
Figure 6. Ablation study of our designed components. The imagesghserve that VBench metrics can be highly unreliable for
are rendered in the same novel view. W/o VC-GS denotes the reg-a\51yating video generation. Nevertheless, we report them
ular implementation of 4ADGS without view-plane constraint, W/o -t o mpleteness and comparability. We strongly encourage
BG Inpainting denotes remove static & dynamic disentanglement the readers to inspect our video results in the supplementary
and inpainting mechanism. . . .
materials, as human perception remains the most trustwor-
thy criterion for judging visual quality.
Implementation Details. For video diffusion models,
the same image and text prompt as ours; for Free4D, it alsowe use Wan2.5 [30] to predict a 5s video with fps 30 from a
involves a standalone image and text conditioned video gen-single image with text prompts. We then sample 30 frames
eration rst step as ours, so we directly input our generated from it to reconstruct the 4D scene. For static & dynamic
video to Free4D instead of generating a different one. disentanglement and geometry grounding, we use RoMo [6]
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