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Figure 1. MoRe4D for 4D synthesis from a single image. Most existing paradigms either suffer from geometric inconsistencies (generate-
then-reconstruct) or are constrained by animating a pre-determined static geometry (vanilla reconstruct-then-generate). Our MoRe4D
advances by tightly coupling geometric modeling and motion generation, effectively achieving consistent 4D motion and geometry.

Abstract

Generating interactive and dynamic 4D scenes from a
single static image remains a core challenge.  Most
existing generate-then-reconstruct and reconstruct-then-
generate methods decouple geometry from motion, caus-
ing spatiotemporal inconsistencies and poor generaliza-
tion. To address these, we extend the reconstruct-then-
generate framework to jointly perform Motion generation
and geometric Reconstruction for 4D Synthesis (MoRe4D ).
We first introduce TrajScene-60K, a large-scale dataset of
60,000 video samples with dense point trajectories, ad-
dressing the scarcity of high-quality 4D scene data. Based
on this, we propose a diffusion-based 4D Scene Trajec-
tory Generator (4D-STraG) to jointly generate geometri-
cally consistent and motion-plausible 4D point trajectories.
To leverage single-view priors, we design a depth-guided
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motion normalization strategy and a motion-aware module
for effective geometry and dynamics integration. We then
propose a 4D View Synthesis Module (4D-ViSM) to ren-
der videos with arbitrary camera trajectories from 4D point
track representations. Experiments show that MoRe4D
generates high-quality 4D scenes with multi-view consis-
tency and rich dynamic details from a single image. Code:
https://github.com/Zhangyr2022/MoRe4D.

1. Introduction

4D scene generation seeks to reconstruct comprehensive
spatiotemporal representations capturing both explicit 3D
geometry and complex temporal dynamics. Generating
such dynamically rich 4D scenes from a single static im-
age remains a fundamental challenge [40], as it requires
recovering complete spatiotemporal information from in-
herently limited 2D observations. Achieving this capabil-
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ity would largely benefit applications such as virtual reality,
augmented reality [20, 39], and immersive content creation.

Although recent video generation models can produce
realistic dynamic content, they generally lack an explicit
understanding of 3D structure, leading to inconsistencies
across views and failing to capture physically plausible mo-
tion. Generate-then-reconstruct methods [35, 49, 58, 61]
use powerful video models to synthesize multi-view videos
before reconstructing a 4D representation. This paradigm
benefits from the high-fidelity and rich dynamics offered
by existing video generation models. However, video mod-
els struggle to maintain strict geometric consistency across
the generated views, leading to significant artifacts and
structural collapse during the subsequent 3D reconstruction
phase. Consequently, the alternative paradigm, reconstruct-
then-generate [8, 26, 28, 46, 63], has emerged as another
promising direction. By first establishing a static 3D struc-
ture, this approach provides a robust geometric founda-
tion for subsequent motion generation. Still, by decoupling
static reconstruction from motion generation, they discard
the rich dynamic potential latent in the source image. As
a result, they are restricted to modeling physically plau-
sible and externally constrained motions (e.g., swinging)
and struggle to generate large-scale and self-initiated move-
ments that originate from the scene or objects themselves.

To address these challenges, we propose an advanced
reconstruct-then-generate framework that tightly couples
motion generation with geometric reconstruction, as illus-
trated in Figure 1. To achieve joint modeling of motion
and geometry, we propose to leverage dense point track as
the 4D representation, which is directly predicted from the
single input image with an integrated model. To facilitate
training of the 3D motion generation model, we first built
TrajScene-60K, a large-scale dataset of 60,000 samples
with 4D point trajectories, tackling data scarcity of large-
scale, high-quality 4D scene data with complex dynamics.
We then introduce the 4D Scene Trajectory Generator (4D-
STraG), a novel diffusion model that, starting from an ini-
tial 3D reconstruction, uniquely enables the joint prediction
of geometry and motion generation. Unlike prior works
that treat these as separate steps, 4D-STraG operational-
izes them within a unified denoising process, producing co-
herent 4D point trajectories whose motion is intrinsically
consistent with the evolving 3D structure. To fully lever-
age priors from the input image, we further incorporate a
depth-guided motion normalization method to enhance geo-
metric awareness, and a Motion Perception Module (MPM)
to leverage plausible motion priors. Finally, the generated
4D point cloud trajectories are rendered into high-fidelity
dynamic videos from arbitrary novel viewpoints using our
4D View Synthesis Module (4D-ViSM), completing the full
pipeline from a single image to a coherent 4D scene.

Experimental results of both quantitative and qualita-

tive comparisons demonstrate that our method consistently
outperforms existing baselines, producing 4D scenes with
more pronounced dynamics, stronger three-dimensional
motion consistency, and superior numerical performance.
In addition to overall comparisons, we conduct detailed vi-
sual ablation studies, which confirm the effectiveness of the
key modules in our framework, highlighting how each com-
ponent contributes to generating coherent and physically
plausible 4D motion.

2. Related Work

Video Generation. From early VAE [3, 4, 15, 21, 52] and
GAN [12, 51, 53] frameworks to modern large-scale diffu-
sion models [23, 30, 48, 50, 54] trained on extensive video
data, the realism and resolution of generated videos have
been revolutionized. In addition to text control generation,
researchers have introduced various guidance strategies for
video generation, such as structure-based [37, 60], image-
based [10, 14], and temporal controls [47, 57]. However,
most of them are fundamentally limited as they operate in
2D pixel space, lacking explicit 3D scene modeling.

Novel-View Synthesis (NVS). 3D reconstruction-based
methods reconstruct a 3D or 4D representation [9, 56, 65,
66], ensuring strong geometric consistency but often re-
quiring costly optimization and suffering from artifacts.
Generation-based methods use pretrained video diffusion
models conditioned on camera trajectories to synthesize
novel views [5, 17, 34, 41, 62]. While leveraging strong
generative priors, they often exhibit inconsistencies and ob-
ject drift under large viewpoint changes or complex scenes.

4D Generation. 4D generation aims to produce temporally
evolving 3D representations from texts or sparse images.
Existing methods largely follow two decoupled paradigms:
generate-then-reconstruct, which first synthesizes videos
and then reconstructs 4D (e.g., LAGM [45], 4Real [61],
CAT4D [58], DimensionX [49], Free4D [35], SV4D [59]),
and reconstruct-then-generate, which builds static 3D as-
sets before animating them (e.g., Animatel24 [63], An-
imate3D [26], GS-DiT [8], Jin et al. [28], 4D-fy [4],
Gen3C[46]). While effective, the former suffers from
video—geometry mismatch, and the latter is often object-
centric and limited in scene complexity. Concurrently,
4DNeX [11] concatenates RGB-XYZ, in contrast to our
method, which advances the reconstruct-then-generate
paradigm by jointly modeling motion and geometry in a
coupled manner and enables consistent 4D synthesis.

3. Dataset Curation — TrajScene-60K

Training our 4D generation model requires a dataset with
three components: 4D point trajectories, viewpoint-specific
observations, and semantic descriptions of 4D scenes.
Given the scarcity of high-quality, large-scale annotated
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Figure 2. TrajScene-60K curation pipeline. We curate videos from WebVid-10M, filtered via VLMs for structured motion and countable
entities. Dense 4D point tracks are extracted and refined via depth filtering and Gaussian Splatting, producing 60K high-quality 4D scenes.

data, particularly for scene-level videos with significant mo-
tion and complex dynamics, we introduce TrajScene-60K, a
comprehensive dataset designed to support robust 4D mod-
eling of dynamic scenes. A detailed comparison with exist-
ing datasets is provided in the supplementary material.

As shown in Figure 2, we construct our dataset from
the high-quality WebVid-10M corpus [7], extracting about
200,000 samples. To ensure data quality, we design an
automated filtering pipeline with large language models:
CogVLM2 [24] generates a caption C for each video, and
DeepSeek-V3 [33] evaluates these captions to retain videos
with countable entities undergoing self-initiated motion,
while discarding those dominated by unstructured dynamics
(e.g., crowd behaviors, wind-driven oscillations, or back-
ground jitter). This process yields samples with well-
structured and quantifiable motion targets, enabling the
learning of clear and interpretable dynamic representations.

To extract 4D dense point track data from videos, we
employ the DELTA [42] model. The model takes RGB
video sequences V € RT*XHXWx3 aq input and utilizes
monocular depth estimation methods to obtain depth maps
D € RT*HXW “qubsequently estimating occlusion-aware
4D trajectories P € RTXHXWx4 "FEach 4D vector py ., =
(ug, v, dy, o) represents the 3D position and occlusion sta-
tus in frame ¢ corresponding to the pixel located at (u, v) in
the first frame. After obtaining 4D point cloud scene data,
we perform quality filtering to remove samples with signif-
icant depth estimation errors, anomalous depth values, or
missing values, and produce 60,000 high-quality samples.
We then render these 4D scenes into videos from the orig-
inal camera viewpoint using Gaussian Splatting [29]. In-
painting masks are also generated for the void regions.

4. Proposed Approach

4.1. Problem Definition

Given a single input image Z € R7*WX3 and its descrip-

tion C, our goal is to reconstruct a physically plausible and
temporally consistent 4D scene. We represent the scene as
a point cloud sequence P € RT*N*3 capturing the 3D ge-
ometry and motion trajectories of N = I x W points over
T frames. From this representation, we render dynamic
scene videos V € RT*H W3 from arbitrary novel view-
points or along arbitrary camera paths to the gap between a
static image and full multi-view 4D dynamic generation.

Unlike prior decoupled paradigms that suffer from error
accumulation, our approach tightly integrates motion gen-
eration with geometric reconstruction. This ensures that
the inferred dynamics are not only plausible but also intrin-
sically consistent with the evolving 3D structure. By co-
optimizing structure and motion, we produce a more coher-
ent and stable 4D representation. To systematically achieve
these objectives, we first design 4D Scene Trajectory
Generator (4D-STraG), a joint diffusion model that simul-
taneously reconstructs and generates spatiotemporal point
trajectories from the initial image. Then we present in detail
the 4D View Synthesis Module (4D-ViSM), which lever-
ages the reconstructed 4D representation to enable high-
quality video generation under arbitrary camera motion.
The overview illustration is shown in Figure 3.

4.2. 4D Scene Trajectory Generator (4D-STraG)

To leverage the rich motion priors and structural under-
standing capabilities, we build upon Wan 2.1 [54] and fine-
tune its spatiotemporal VAE and DiT modules separately.
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Figure 3. Pipeline of MoRe4D. Top: The 4D Scene Trajectory Generator (Sec. 4.2), a Diffusion Transformer, jointly generates geometry
and motion. Bottom-Left: The Motion Perception Module (MPM) identifies potential motion regions and semantic structure from the input
image. Bottom-Right: The 4D View Synthesis Module (Sec. 4.3) renders the output into novel-view videos.

Point Trajectory Initialization and Normalization. To
enhance training stability and ensure compatibility with
generative model scales, we only use the 4D-STraG to pre-
dict relative motion AP; = P;—Pg = {[Axzt, Ays, Az},
where ¢t € [0,7] and Py denotes coordinates in the first
frame. We further normalize AP, to avoid an unlimited
data value range. Based on the observation that a small 3D
movement in a nearby object causes a large displacement on
the 2D image plane, whereas the same movement in a dis-
tant object appears minuscule, we propose a Depth-Guided
Motion Normalization Strategy. It normalizes the absolute
motion of each point relative to its viewing frustum at the
initial depth. By doing so, we transform raw motion into a
scale-invariant representation, ensuring perceptual consis-
tency across different distances and producing a more uni-
form data distribution to learn from.

Specifically, given focal lengths f, f, and image dimen-
sions W x H, we introduce the scaling factors ., = f,./W
and oy = f,/H. Geometrically, z/ca, and z/a, corre-
spond to the width and height of the viewing frustum at
depth z, respectively. We normalize motion quantities by

the viewing frustum size at depth z = P(()Z):

Qg - Axy -
—, Af=
z z z

Ady = Qy Yt Ayt,

This depth-dependent normalization achieves scale invari-
ance across different depth ranges, enabling our diffusion
model to effectively learn motion patterns without being bi-
ased by the absolute spatial position of points. During in-
ference, we use UniDepthv?2 [44] to estimate depth, ensur-
ing consistency with the DELTA tracking model setup. The
relative motion maps are de-normalized and fused with the
initial point cloud to form a 4D scene representation.

Model Pipeline. During training, our model takes an im-
age—caption pair as input and learns a diffusion model
to predict pixel-level point trajectories across frames.
To adapt the generative backbone, we first finetune a
motion-sensitive VAE capable of handling trajectory sig-
nals. Specifically, the relative point displacement APy is
transformed into an RGB motion map by a lightweight Tra-
jectory Encoder, where spatial movements are represented
as color variations while the shape and appearance remain
static as the first frame. Correspondingly, a Trajectory De-
coder is appended after the VAE decoder, ensuring accurate
recovery of point trajectories from the RGB motion map.

After finetuning the VAE, we adapt the Diffusion Trans-
former (DiT) to handle latents encoded from the RGB mo-
tion map. We explicitly inject strong geometric priors
into the model, thereby enhancing its generative capability.



Specifically, the depth information from the initial frame is
encoded into a latent representation using the VAE encoder.
This provides the model with robust structural priors and
geometric cues, significantly improving its ability to rea-
son about scene layout and object relationships. The image,
noise, and depth latents are concatenated along the feature
dimension to form the final input for the DiT:

Zcombined = Concat(zimagm Znoise y Zdepth)~ 2)

The DiT model is trained using flow matching [32],
which learns deterministic flows from noise to data distri-
butions by minimizing the error between predicted and true
flow fields, enabling accurate modeling of pixel-level mo-
tion. The objective function is defined as:

£fm = Et,Io,Il [|U0(t; CCt) - (-7;1 - .’L‘0>|2} 3 (3)

where x¢ and x; represent the initial and target states, re-
spectively, z; denotes the interpolated state at time ¢, and
vy 1s the flow vector predicted by the model.

Motion Perception Module (MPM). A significant chal-
lenge lies in adapting the powerful motion priors learned
by existing image-to-video diffusion models. These models
excel at generating dynamic, moving scenes from a static
image. Our objective, however, is to leverage this pre-
trained temporal knowledge for a distinct task: generating
structurally static videos that exhibit dynamic color varia-
tions. This creates a core conflict, as the model must learn
to translate its ingrained understanding of physical displace-
ment into a new domain of temporal color evolution.

To resolve this conflict and effectively guide the model’s
adaptation, we introduce the Motion Perception Module
(MPM). The MPM is designed to identify semantic re-
gions within the static scene that are plausible candidates for
these color dynamics. We first employ a pretrained motion
feature extractor, OmniMAE [18], to derive motion-aware
patch-level features S from the input static image. To em-
bed motion information into the diffusion process, we intro-
duce Motion-aware Adaptive Normalization (MAdaNorm).
While inspired by conditional injection mechanisms like
AdalN [43], our proposed module is specifically designed
for 4D motion generation. Unlike global conditioning
approaches, MAdaNorm performs token-wise modulation
driven by motion-aware features, enabling fine-grained con-
trol over temporal coherence in a geometrically consistent
manner. Specifically, after spatial alignment of motion
features S by resizing them to match the DiT token se-
quence length, token-wise adaptive parameters are gener-
ated through linear layers. For intermediate features Fi €
RN > in the i-th DiT block, the process is as follows:

ay, g, By, By = Linear(S), (@)
F' = Attn (y100y © LN(F}) +7184) , 4)
F” = MLP (y2ct2 © LN(F') + v213,) , (6)

where i, s, B, B, € RV* are token-wise scaling and
bias parameters, v1,7v2 € R? is a learnable global gating
coefficient, and © denotes token-wise multiplication. Ex-
perimental results show that MPM significantly improves
the fidelity of motion trajectory modeling and enhances the
spatio-temporal consistency of generated 4D content.

4.3. 4D View Synthesis Module (4D-ViSM)

After obtaining a dense 4D point cloud representation, we
propose the 4D-ViSM to achieve novel view video synthesis
along arbitrary camera trajectories. The original point cloud
may not fully cover image regions in novel views, which re-
sults in holes in the rendered output. We thereby leverage
generative models to complete these missing regions, ensur-
ing visual coherence and plausibility.

Considering the excellent performance of Wan2.1 [54]
in video generation tasks, we also choose to finetune this
model to build our 4D-ViSM. The training data also come
from our TrajScene-60K dataset, including rendered videos,
corresponding occlusion masks, ground truth videos, and
captions. During training, we follow the Wan2.1 mask pro-
cessing strategy, setting the mask value to 0.5 for regions
without projected points in each frame. Through finetun-
ing, our model achieves high-quality and visually consistent
novel view video synthesis.

5. Experiments

5.1. Experimental Setup

Implementation Details. Trained on our TrajScene-60K
dataset, our model generates videos at a resolution of 512 x
368 with a length of 49 frames. For the 4D-STraG mod-
ule, we performed full-parameter training based on Wan2.1-
14B [1, 54]. The trajectory encoder and decoder are both
shallow ResNets. We first trained its tracking components
and VAE decoder for 5k steps, then its DiT for 2k steps us-
ing OmniMAE features for motion conditioning. The 4D-
ViSM module finetuned Wan2.1-14B [2, 54] with LoRA for
10k steps. We used AdamW [36] with a learning rate of
2 x 10~°. All experiments ran on four NVIDIA H20 GPUs.

5.2. Quantitative Results

While 4D geometric metrics are valuable for evaluating 4D
consistency, their high computational cost and incompat-
ibility with many image-to-4D methods make them pro-
hibitive for the main comparison. Following prior 4D gen-
eration works, we thus primarily use VBench [25] for a
fair and extensive video-quality comparison against a wider
range of baselines. A more detailed 4D geometric analysis
is provided in the supplementary material.

We compare it with leading 4D generation methods:
4Real, GenXD, DimensionX, Gen3C, and Free4D. Follow-
ing the evaluation protocol in Free4D [35], we structured



Table 1. Quantitative comparison on VBench. Higher values are better. The best results in each comparison group are marked in bold.

Exp. . Subject Background Motion Dynamic Aesthetic Imaging
No. Model / Metrics Consistency Consistency Smoothness Degree Quality Quality
I 4Real [61] 0.9329 0.9709 0.9664 0.7708 0.4938 0.5095

MoRe4D(Ours) 0.8752 0.9364 0.9682 1.0000 0.5613 0.6230
GenXD [64] 0.8042 0.8789 0.9030 1.0000 0.4077 0.5209
I DimensionX [49] 0.7553 0.8481 0.9827 1.0000 0.4634 0.5545
MoRe4D(Ours) 0.8241 0.9044 0.9760 0.9500 0.4820 0.5828
Free4D [35] 0.7899 0.8883 0.9797 1.0000 0.3607 0.3562
I Gen3C [46] 0.8112 0.8871 0.9845 0.9940 0.3812 0.4814
MoRe4D(Ours) 0.8339 0.9065 0.9773 0.9000 0.4820 0.5939
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Figure 4. Qualitative results of our model. The first row shows the 4D point cloud generated by our 4D-STraG. The second and third
rows show the videos rendered by our 4D-ViSM under two distinct, user-defined camera trajectories.

our comparisons into three groups based on model avail-
ability and technical constraints, with each group evaluated
under appropriate camera trajectories. In Group I, we com-
pared against the closed-source 4Real using simple trajec-
tories, as we could only access their official demonstration
videos for evaluation. In Group II, we benchmarked against

single-image 3D reconstruction models (GenXD and the
open-source S-Director from DimensionX) using moderate
trajectories (90° leftward rotations around the center), con-
strained by their limited trajectory support in open-source
implementations. For Group III, we evaluated against other
4D generation models using complex trajectories, includ-
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presents our MoRe4D results. The first column displays the input image and text prompt.

ing upward, forward, leftward, rightward, and downward
movements, to assess performance under challenging cam-
era motions. For Groups II and III, we used 200 held-out
samples from WebVid-10M that do not overlap with our
TrajScene-60k training subset to ensure fair evaluation in
diverse scenarios. As shown in Table 1, MoRe4D consis-
tently achieved promising results across groups. Notably,
it demonstrated superior Dynamics, Aesthetic, and Imag-
ing Quality compared to 4Real, outperformed 3D recon-
struction baselines in consistency and visual quality, and
maintained a pronounced lead in Aesthetic and Imaging
Quality against 4D generation models under complex tra-
jectories. Furthermore, consistent improvements across all
groups demonstrate our robust generalization.

5.3. Qualitative Results

For qualitative validation of our model effectiveness, we
conduct comparative analyses in Figure B and Figure 5.
Figure B presents two representative scenes, with the first
row displaying the point cloud outputs of 4D-STraG. It can
be observed that the 4D point clouds maintain structural
consistency and exhibit reasonable motion over time, with
high detail completeness. For each scene, we define two
camera trajectories and perform rendering using 4D-ViSM.
The results demonstrate that the rendered images not only
preserve the geometric accuracy of the original structure but
also effectively align with the camera trajectories, reflecting
strong visual consistency. Figure 5 further compares the vi-
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Figure 6. Ablation studies on normalization methods and module components. (Rows 1-2) Depth-guided motion normalization
stabilizes 4D point cloud generation. (Rows 3-6) Removing the MPM module reduces motion magnitude while excluding depth guidance

breaks structural motion consistency, validating our design choices.

Table 2. Ablation Study. We evaluate the contribution of each
component. The best results are marked in bold.

Variant \ Consistency? DynamicT Aesthetict
w/o Depth-Guided Norm 0.8604 0.8850 0.4672
w/o MPM 0.8650 0.8500 0.4806
w/o Depth Latents 0.8567 0.8500 0.4738
MoRe4D 0.8702 0.9000 0.4820

sual outcomes of several existing methods, including 4Real,
DimensionX, Gen3C, and Free4D. In comparison to these
approaches, our method generates more diverse and realis-
tic motion, validating the advantage of the “joint reconstruc-
tion and generation” strategy in ensuring both structural ra-
tionality and motion plausibility for 4D generation.

5.4. Ablation Studies

Table 2 provides quantitative analysis of each component’s
contribution on VBench under the Group III setting of Ta-
ble I. Removing MPM reduces the Dynamic score from 0.9
to 0.85, confirming its necessity for inferring motion mag-
nitude. Excluding depth latents degrades both Consistency
and Dynamic scores, as the model struggles to maintain mo-
tion coherence. Without depth-guided normalization, Con-
sistency drops to 0.8604 and Aesthetic quality decreases
to 0.4672. Our full MoRe4D latents achieve optimal per-
formance across all metrics, validating the synergistic con-
tribution of each component. Row 1-6 in Figure 6 visu-

ally demonstrate these findings. Baseline min-max normal-
ization (rows 1-2) yields unstable point clouds with exag-
gerated movements, particularly in scenes with large depth
variations. Our depth-guided approach effectively resolves
this issue. Further visualizations (rows 3-6) show that with-
out MPM or depth guidance, the model fails to preserve
object structure or maintain motion consistency across dif-
ferent parts, confirming the critical role of depth in ensuring
structurally coherent point trajectories.

6. Conclusion

We proposed MoRe4D, a unified framework for single-
image 4D generation that tightly couples motion and ge-
ometry, overcoming the inherent weaknesses of decoupled
paradigms. To support training, we constructed TrajScene-
60K, a large-scale dataset with dense 4D trajectories, and
introduced the 4D-STraG diffusion model with depth-
guided motion normalization and motion perception pri-
ors for joint inference. Experiments show that MoRe4D
achieves superior geometric consistency, dynamic realism,
and visual fidelity compared to existing approaches. This
work establishes a new technical pathway for 4D synthesis
from minimal input, and points toward future exploration
of more universal dynamic priors and lightweight 4D repre-
sentations for practical deployment.



Table A. Quantitative evaluation on 4D Generation Consistency via VLM-based assessment. Higher values are better. The best results

in each comparison group are marked in bold.

Exp. . 3D Geometric Temporal Texture Subject Identity Motion Geometry Background Stability | Average
Model / Metrics . o . . .
No. Consistency Stability Preservation Coupling Consistency Score
I 4Real [61] 3.04 3.49 4.11 2.64 3.49 3.35
MoRe4D (Ours) 3.46 3.88 4.42 3.25 3.96 3.80
GenXD [64] 243 2.66 3.09 2.38 2.65 2.64
II | DimensionX [49] 2.58 2.74 3.35 2.53 2.79 2.80
MoRe4D (Ours) 3.53 3.92 4.33 345 3.93 3.83
Free4D [35] 1.13 1.30 1.37 1.17 1.17 1.23
III | Gen3C [46] 1.99 2.26 2.54 2.01 2.31 2.22
MoRe4D (Ours) 3.47 3.88 4.25 3.35 3.85 3.76
Appendix Table B. Comparative runtime analysis of 4D generation meth-

In this Appendix, we provide:

* Additional experiment analysis (Section A).

* Comprehensive ablation studies (Section B).

¢ Extended visualization results (Section C).

* Dataset curation and comparison details (Section D).

» Experimental settings (Section E).

¢ Implementation details (Section F).

* Discussion on applications and future work (Section G).

A. More Experiment Analysis

A.1. 4D Consistency Analysis

While VBench offers valuable insights into general video
quality, such as consistency, smoothness, and aesthetics,
it does not directly penalize 3D-consistency artifacts, such
as geometric drift or texture swimming, which are critical
challenges in single-view 4D generation. We acknowledge
that established 4D metrics exist for tasks like point cloud
tracking, including 3D Average Jaccard (AJ), Average 3D
Position Accuracy (APD3p), and 3D endpoint error (EPE).
However, these metrics presuppose the existence of a single
ground-truth trajectory to measure against. Our image-to-
4D task is fundamentally different and ill-posed for such di-
rect error calculation, as a static image can plausibly evolve
into an infinite number of possible dynamic sequences.

To address this evaluation gap, we leverage a Vision-
Language Model (VLM) for systematic quality assessment.
We uniformly sample 8 frames from each video generated
under the settings of Table 1 in the main paper and feed
them to Qwen2.5-VL-72B-Instruct [6], which rates the se-
quence on a 1-5 scale across five critical dimensions:

* 3D Geometric Consistency: assesses 3D structure coher-
ence during camera motion.

» Temporal Texture Stability: evaluates texture stability
without flickering or sliding.

* Subject Identity Preservation: ensures the main subject
retains identity and shape.

ods. All timings of open-source methods are measured on single
NVIDIA A100 GPU averaged over 100 samples.

Method Year Resolution Frames Time
4Dty [4] CVPR’24 256 x 256 — 10h
4Real [61] NeurIPS’24 256 x 144 8 1.5h
Gen3C [46] CVPR’25 1280 x 704 121 50min
GenXD [64] ICLR’25 256 x 256 12 2min
Free4D [35] ICCV’25 512 x 368 16 30min

MoRe4D — 512 x 368 49 6min

* Motion-Geometry Coupling: checks motion alignment
with 3D geometry and physics.

» Background Stability: measures background static behav-
ior without distortion.

Table A shows that our method consistently achieves
higher scores across all metrics and comparison groups.
The significant lead in Motion-Geometry Coupling vali-
dates the ability to maintain structural integrity during mo-
tion. Additionally, MoRe4D demonstrates strong perfor-
mance in 3D Geometric Consistency and Temporal Tex-
ture Stability, indicating robust spatial coherence and tem-
poral stability. The consistent superiority across all three
experiment groups further confirms the generalizability of
our method. This comprehensive VLM-based evaluation
confirms the superior 4D consistency of our approach, cap-
turing nuanced perceptual quality aspects that current auto-
mated metrics fail to measure.

A.2. Runtime Analysis

As shown in Table B, we compare runtime performance
with existing 4D generation methods on a single NVIDIA
A100 GPU (averaged over 100 samples). DimensionX [49]
is excluded due to unavailable runtime details and limited
code. Among other baselines, only 4Real [61] reports in-
ference time; others are evaluated using official implemen-
tations. Our method achieves competitive efficiency: both
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Figure A. Two examples comparing our joint 4D-STraG framework (top row) against sequential pipelines. For each sample, rows 2-4
show results from a cascaded approach: Wan2.1-12V video generation, followed by DELTA tracking or VGGT reconstruction. Our method
yields superior spatio-temporal coherence, while sequential approaches exhibit fragmentation from error accumulation. All samples are
consistently rendered from the fixed camera viewpoint for fair comparison.

4D-STraG and 4D-ViSM complete generation in 3 minutes
each. This is notable given our higher resolution (512x368)
and longer sequences (49 frames) versus most baselines.
As Table B shows, our approach balances quality and effi-
ciency effectively. While GenXD [64] is faster (2 minutes),
it uses lower resolution (256x256) and shorter sequences
(12 frames). Free4D [35], at similar resolution, requires 30
minutes, which is five times longer than ours.

B. More Ablation Analysis

B.1. Joint vs. Sequential 4D Generation

To validate the effectiveness of our joint generation
paradigm, we conduct an ablation study against alterna-
tive sequential pipelines that decompose the task into two
stages: first generating a video from the source image,
then performing 3D reconstruction or tracking as post-
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Figure B. Qualitative results of our model. We visualize the generated results for two more samples. The first row shows the 4D point

cloud generated by our 4D-STraG. The second, third and fourth rows show the videos rendered by our 4D-ViSM under three distinct,
user-defined camera trajectories.

processing to obtain 4D representations. Specifically, we designed for robust 4D scene reconstruction.

construct two baseline pipelines: (1) video generation using As illustrated in Figure A, where results are visualized
Wan2.1-12V-14B [54] followed by DELTA [42], the same under a fixed rendering viewpoint to reveal geometric con-
dense point tracking model used in our dataset construc- sistency, our joint framework demonstrates substantially
tion pipeline; and (2) the same video generation followed by superior spatio-temporal coherence. The generated point
VGGT[55], a state-of-the-art feed-forward 3D transformer clouds maintain structurally coherent geometry and physi-



Table C. Ablation study on MAdaNorm. We evaluate the contri-
bution of each component. The best results are marked in bold.

Variant Consistency? DynamicT Aesthetict
w/o MPM 0.8650 0.8500 0.4806
w/o Patch-level Features 0.8743 0.8840 0.4754
MoRe4D 0.8702 0.9000 0.4820

cally plausible motion throughout the sequence. In contrast,
sequential pipelines exhibit notable failure modes: station-
ary background regions exhibit spurious motion (e.g., drift-
ing water and crowds), while dynamic foreground objects
suffer from geometric fragmentation and discontinuous tra-
jectories (e.g., unrealistic body part detachment). These
artifacts stem from spatial inconsistencies introduced dur-
ing video generation—since standard video diffusion mod-
els like Wan-12V lack explicit 3D geometric constraints, the
synthesized videos contain frame-to-frame appearance vari-
ations, motion blur, and perspective inconsistencies that vi-
olate rigid scene structure. When fed into subsequent re-
construction or tracking modules, these visual inconsisten-
cies are incorrectly interpreted as 3D motion or deforma-
tion, causing severe error accumulation.

Our method fundamentally mitigates these issues by
unifying geometry, appearance, and trajectory generation
within a single diffusion backbone. This enables bidirec-
tional mutual regularization: geometric constraints guide
video synthesis toward spatial consistency, while visual fea-
tures inform motion prediction for temporal coherence. The
diffusion process learns to co-evolve appearance and geom-
etry jointly, ensuring every frame is both visually plausible
and geometrically self-consistent under the fixed viewpoint.
This prevents the error accumulation plaguing sequential
approaches, ensuring robust and high-fidelity 4D content
creation with coherent structure, realistic appearance, and
accurate motion dynamics.

B.2. MAdaNorm Module

To further analyze the MAdaNorm module, we conducted
additional ablation studies in Table C under the same set-
tings of Table 2 in the main paper. We evaluate a “w/o
Patch-level Features” variant, which replaces our Motion
Perception Module (MPM) with a simpler conditioning
mechanism using only OmniMAE [18] global ‘[CLS]’ to-
ken. While this simpler design slightly improves consis-
tency, it degrades both dynamic and aesthetic quality, sug-
gesting a global feature alone is insufficient for capturing
the fine-grained details needed for high-quality 4D genera-
tion. In contrast, our full MoRe4D model, leveraging MPM
to process rich patch-level features, achieves a superior bal-
ance. It significantly outperforms the ablated variants in
dynamic and aesthetic scores (0.9000 and 0.4820, respec-
tively). This highlights that aggregating multi-view patch
features is crucial for generating temporally coherent, dy-
namic, and aesthetically pleasing 4D content.

C. More Visualization Results
C.1. Qualitative Results of MoRe4D

Figure B presents two samples of the visualizations for
MoRe4D. They are evaluated under distinct user-defined
camera trajectories: up-down movement, top-down view-
ing, forward-backward movement, and left-hand circling.
These trajectories are designed to provide comprehen-
sive multi-perspective observations. The rendered videos
demonstrate that our approach consistently produces tem-
porally coherent motion and maintains high-fidelity visual
details across all viewpoints. The high-quality 4D point
clouds produced by 4D-STraG provide a robust geometric
foundation for rendering. The results further demonstrate
the strong capability of our 4D-ViSM renderer in synthe-
sizing consistent, high-fidelity videos under diverse camera
paths, confirming its flexibility and generalization.

C.2. Qualitative Results of Motion-Sensitive VAE

Figure C shows the reconstruction results using the fine-
tuned VAE on a subset of samples during inference. The
reconstructed points are rendered from the original cam-
era viewpoint, demonstrating that they effectively preserve
the structural and motion consistency with the input. More
specifically, the model exhibits robust representation learn-
ing capabilities, enabling effective extraction of latent space
representations that accurately capture both geometric and
dynamic properties of the observed scenes.

D. Dataset Curation

D.1. Video Filtering and Annotation

We initiated our process with approximately 200,000 video
candidates from the WebVid-10M [7] dataset. To au-
tomate the selection of content suitable for 4D dynamic
scene modeling, we implemented a two-stage pipeline.
First, we employed the multimodal large language model
CogVLM2 [24] to generate a detailed English caption for
each video. Subsequently, these captions were fed into
the DeepSeek-V3 [33] model, which used a carefully de-
signed prompt to assess content suitability. The core evalu-
ation criteria were: (1) the presence of one or more clearly
countable entities, and (2) the exhibition of self-initiated,
non-rigid, or articulated motion, as opposed to random
movements driven by external forces (e.g., wind, water) or
dominant camera motion. This process effectively filtered
out videos featuring unstructured dynamics, such as crowd
movements, water ripples, or swaying foliage. Our prompt
is shown in Figure D.

D.2. 4D Trajectory Quality Control

After extracting the raw 4D trajectories, we applied a strict
quality filtering process to eliminate samples compromised
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Output

Figure C. Qualitative results of Motion-Sensitive VAE. The figure presents two examples. For each, the top row shows pseudo-GT from
the original camera view, while the bottom is the corresponding VAE rendering at the same pose. The close visual alignment demonstrates
our VAE’s high-fidelitv reconstruction capabilitv.

Identify whether the caption describes countable moving entities. An entity is
considered moving if:

1) it moves by itself,

2) part of it moves, or

3) it appears to move due to camera movement.

However, uncountable phenomena (like waterfalls, rivers, particles, light beams, text
animations, crowds too numerous to count) do NOT qualify as countable moving
entities.

Let me think through this step by step:

1. What entities are described in the caption?

2. Is any entity or part of an entity moving (or does it appear to move due to camera
movement)?

3. Can these moving entities be counted, or are they uncountable phenomena?

4. Based on this analysis, determine if there are countable moving entities.

Your conclusion: After analyzing the caption step by step, I determine the answer is
{result: <flag>}, where <flag> is true or false.

Figure D. Our input prompt used to query the model for identifying and counting self-initiated and articulated motion.



Table D. Comprehensive comparison of 3D scene understanding datasets. Our TrajScene-60K dataset significantly surpasses existing
benchmarks in scale, providing orders of magnitude more frames and 3D point annotations, while offering dense tracking and depth

information across diverse real-world indoor and outdoor environments.

Dataset Year Frames  Resolution 3D Points Dense Track Depth Caption Description
FlyingThings3D [38] CVPR’15 2.6 x 10* 960 x 540 3 x 108 v v X Synthetic, object-level
ScanNet [13] CVPR’17 2.5 x 105 1296 x 968 0 X v X Real, indoor scenes
Kubric [19] CVPR’22 Flexible 256 x 256 Flexible v X X Synthetic, object-level
TAPVid [16] NeurIPS’22 3 x 10° Multiple 0 v X X Real + synthetic videos
TAPVid-3D [31] NeurlPS’24 5 x 10° Multiple 1x 108 X v X Real-world scenes
TrajScene-60K - 3 x 109 596 x 336 1.2 x 1010 v v v Real, indoor/outdoor

by depth estimation failures or extreme motion. The spe-
cific criteria were as follows: (1) We removed samples
where a significant portion of point cloud trajectories con-
tained invalid or anomalous depth values (e.g., near-infinite
or zero) at any timestep. (2) We discarded samples ex-
hibiting an excessively large standard deviation in scene
depth, which indicates potential errors in the global depth
estimation. (3) We performed a scale consistency check.
Since uniformly scaling a point cloud should yield an iden-
tical rendering from the original camera perspective, we re-
moved samples where this transformation resulted in sig-
nificant visual changes, flagging them as geometrically in-
consistent. This comprehensive filtering pipeline yielded
the final 60,000 high-quality samples that constitute the
TrajScene-60K dataset.

D.3. Comparison with Previous Datasets

Our TrajScene-60K dataset fills a critical gap in the land-
scape of resources for 4D dynamic scene understanding and
generation. As summarized in Table D, existing datasets are
often limited in scale, realism, or the richness of provided
annotations. For instance, while synthetic datasets like Fly-
ingThings3D [38] and Kubric [19] offer precise ground-
truth motion and geometry, their domain gap with real-
world imagery hinders generalization. Real-world datasets
like ScanNet [13] provide dense 3D reconstructions but are
static and lack temporal dynamics. Recent video tracking
benchmarks like TAPVid [16] and TAPVid-3D [31] offer
real-world point trajectories but are orders of magnitude
smaller in scale and do not provide semantic descriptions
crucial for conditional generation.

TrajScene-60K distinguishes itself by combining large-
scale, real-world video content with dense, occlusion-aware
4D trajectories and high-quality text captions. It provides
over 3 million frames and approximately 12 billion 3D
point annotations, significantly surpassing predecessors in
volume. Crucially, we provide dense 4D tracking, per-
frame depth, and language descriptions for dynamic scenes
across diverse indoor and outdoor environments. This
unique combination of scale, realism, and multi-modal an-
notation makes it an enabling resource for training and eval-
uating complex 4D scene generation or tracking models,
facilitating a more holistic understanding of dynamic 3D

worlds.

D.4. Dataset Bias and Release

TrajScene-60K is built from WebVid-10M [7] using
LLM/VLM-based caption filtering, and therefore inherits
both the demographic and content biases of the source
videos and the filtering models. For example, certain ob-
ject categories, body types, or geographic regions may be
under-represented, and the motion statistics may be skewed
towards popular online content. While our work focuses on
the technical aspects of 4D scene generation, we acknowl-
edge these biases and will release the dataset and filtering
prompts to facilitate transparency and future audits. We also
encourage downstream users to carefully consider fairness
and representational biases when deploying models trained
on TrajScene-60K.

E. More Experimental Settings

E.1. Baseline Introduction

We compare our method with the following leading meth-
ods focusing on 4D generation from a single image.

4Real: [61] generates photorealistic 4D scenes using video
diffusion models trained on real data. It first creates a refer-
ence video, then learns its 3D canonical representation and
temporal deformations, avoiding synthetic 3D priors.
GenXD: [64] introduces a real-world 4D dataset and multi-
view temporal modules to disentangle camera and object
motion, enabling joint learning from 3D/4D data for arbi-
trary scene generation.

Gen3C: [46] guides video generation via a 3D cache from
predicted point clouds, ensuring precise camera control and
3D consistency by focusing generation on unobserved re-
gions.

DimensionX: [49] reconstructs 3D/4D scenes from a single
image by decoupling spatio-temporal factors in a control-
lable video diffusion framework, allowing precise manipu-
lation of structure and dynamics.

FreedD: [35] proposes a tuning-free framework that distills
foundation models to generate consistent 4D scenes from
one image, enabling strong generalization without expen-
sive training.



Among these, 4Real, GenXD, DimensionX, and Free4D
follow a generate-then-reconstruct pipeline, while Gen3C
adopts a reconstruct-then-generate strategy.

E.2. VBench Metrics

In the main paper, we selected VBench [25] for quantitative
evaluation as it offers a standardized, efficient framework
for assessing perceptual video quality across diverse base-
lines, whereas 4D geometric metrics are computationally
intensive and often incompatible with many baseline meth-
ods. VBench comprehensively evaluates six critical dimen-
sions:

* Subject Consistency: Measures identity and appearance
coherence of the primary subject over time.

* Background Consistency: Assesses temporal stability and
coherence of background elements.

* Motion Smoothness: Evaluates the naturalness and fluid-
ity of object and camera motion.

* Dynamic Degree: Quantifies the intensity and extent of
dynamic changes in the scene.

* Aesthetic Quality: Judges overall visual appeal, compo-
sition, and stylistic merit.

* Imaging Quality: Rates technical image attributes like
sharpness, noise, and artifacts.

This multi-dimensional analysis ensures a fair and holis-
tic comparison of performance on 4D generation from a sin-
gle image.

F. Implementation Details

F.1. Motion-Sensitive VAE Architecture

Before training the DiT in the 4D-STraG module, we fine-
tune a specialized, motion-sensitive VAE to effectively
adapt our generative backbone for trajectory synthesis. This
VAE is designed to process and reconstruct trajectory in-
formation encoded as RGB-like motion maps. Inspired
by Geo4D [27], the architecture of both the VAE encoder
and decoder is intentionally kept shallow to preserve fine-
grained motion details. The Trajectory Encoder and De-
coder that process these motion maps are constructed as
shallow ResNets [22]. This minimalist design ensures that
the VAE learns a compact and efficient latent space for mo-
tion patterns without aggressively downsampling the spa-
tial features, which is critical for the precise reconstruction
of trajectories by the Trajectory Decoder. When finetuning
Motion-Sensitive VAE, we trained the Trajectory Encoder,
Trajectory Decoder, and the VAE Decoder, while freezing
the VAE Encoder. This approach allows the model to fully
adapt to the motion input while preserving the integrity of
the pre-trained visual representations.

F.2. Details of 4D-ViSM Architecture

Our 4D-ViSM model adapts a pre-trained video Diffusion
Transformer (DiT) for dynamic video inpainting, specifi-
cally to fill holes in novel-view videos rendered from our
4D representation. During fine-tuning, the model is con-
ditioned on the incomplete video. For each step, the ren-
dered video with holes is encoded into a latent representa-
tiON Zrendered, and its binary occlusion mask is downsampled
to Myyene- The denoising network’s input is a channel-wise
concatenation of the noisy latent 2, Zrendereds and Miaent,
formulated as

z = Concatqzt, Zrendered s mlatenl])~

This explicitly provides the model with the known visual
context and the missing regions, enabling coherent video
completion.

F.3. Inference Pipeline

Given a single image and a text prompt, our model
first acquires geometric information by estimating depth
through the 4D-STraG module. Specifically, we utilize the
UniDepthv2 [44] model to infer depth information, ensur-
ing consistency with the estimation method used for the
DELTA tracking model during training. The VAE then en-
codes the image and depth map into a latent space, while
MPM extracts motion features. Subsequently, DiT gen-
erates latent representations, which are decoded into rela-
tive motion latents. These latents are de-normalized by re-
versing our depth-guided motion normalization strategy and
then fused with the initial point cloud’s spatial coordinates
to construct a 4D scene representation. Finally, this repre-
sentation allows for rendering from arbitrary camera poses,
and our 4D-ViSM synthesizes a spatio-temporally consis-
tent 4D video aligned with the desired camera trajectory.

G. Applications and Future Work

Our image-to-4D generation framework opens up numerous
possibilities across various domains. It can serve as a pow-
erful tool for digital content creation, enabling artists and
designers to bring static images to life as dynamic 3D as-
sets for films, games, and advertising. Furthermore, this
technology holds significant potential for populating vir-
tual and augmented reality (VR/AR) environments with dy-
namic objects, creating more immersive and interactive dig-
ital experiences.

Looking ahead, we identify two primary directions
for future research. First, we plan to explore more
deeply unified architectures that further entangle motion
and appearance generation, potentially within a sin-
gle, non-autoregressive model, to achieve even greater
spatio-temporal consistency. Second, a critical challenge
in this field is the lack of standardized evaluation pro-
tocols. We aim to develop novel metrics specifically



designed to quantify the 4D consistency of genera-

tive

models, providing a more reliable and automated

way to measure geometric and textural stability over time.
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