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Abstract

Remarkable advances in recent 2D image and 3D shape gen-
eration have induced a significant focus on dynamic 4D con-
tent generation. However, previous 4D generation methods
commonly struggle to maintain spatial-temporal consistency
and adapt poorly to rapid temporal variations, due to the
lack of effective spatial-temporal modeling. To address these
problems, we propose a novel 4D generation network called
4DSTR, which modulates generative 4D Gaussian Splatting
with spatial-temporal rectification. Specifically, temporal cor-
relation across generated 4D sequences is designed to rectify
deformable scales and rotations and guarantee temporal con-
sistency. Furthermore, an adaptive spatial densification and
pruning strategy is proposed to address significant temporal
variations by dynamically adding or deleting Gaussian points
with the awareness of their pre-frame movements. Exten-
sive experiments demonstrate that our 4DSTR achieves state-
of-the-art performance in video-to-4D generation, excelling
in reconstruction quality, spatial-temporal consistency, and
adaptation to rapid temporal movements.

Introduction
Recently, there have been advancements in generating high-
quality and diverse visual contents with pre-trained diffusion
models (Ho, Jain, and Abbeel 2020), including 2D images
(Ho, Jain, and Abbeel 2020; Zhou et al. 2025a), 3D shapes
(Liu et al. 2025b), etc. These successful experiences natu-
rally boost the exploration using generative diffusion models
for dynamic 4D content generation (Singer et al. 2023; Bah-
mani et al. 2024; Wu et al. 2024b), which has various appli-
cations in autonomous driving simulation (Liu et al. 2023a,
2024c; Cheng et al. 2023; Cheng, Liu, and Chen 2023; Ni
et al. 2025), virtual reality (Huang et al. 2025c,b), and digi-
tal avatar animation (Wang et al. 2025a), etc.

A common research line takes text (Singer et al. 2023;
Ling et al. 2024; Wang et al. 2025b) as input conditions,
leveraging pre-trained text-to-image or text-to-video diffu-
sion models as the preprocess. MAV3D (Singer et al. 2023)
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is a pioneering framework for text-to-4D generation that uti-
lizes the pre-trained text-to-image and text-to-video diffu-
sion models for the static and dynamic sequence generation,
supervised by the Score Distillation Sampling (SDS) loss.
Subsequent approaches design trajectory conditions (Bah-
mani et al. 2024) or deformable 4D Gaussian Splatting (Ling
et al. 2024) to enhance the motion fidelity and appearance
quality of generated 4D samples. However, recent text-to-4D
generation networks fail to capture the multi-view spatial-
temporal consistency and struggle with effective knowledge
distillation from diffusion models as in Fig. 1.

Another research line focuses on the video-to-4D gen-
eration task. Consistent4D (Jiang et al. 2024c) firstly pro-
poses an Interpolation-driven Consistency Loss to enforce
the similarity between reconstruction samples from DyN-
eRF (Fridovich-Keil et al. 2023) and interpolated frames.
However, the implicit nature of neural representation leads
to long optimization time and poor motion controllability.
With the great progress of explicit 4D Gaussian Splatting
(Wu et al. 2024a), more researchers (Ren et al. 2023; Wu
et al. 2024b; Li, Chen, and Liu 2024; Wu et al. 2025) formu-
late the deformable Gaussian Splatting as the intermediate
4D representation. However, these video-to-4D generation
pipelines still encounter challenges like spatial-temporal in-
consistency and suboptimal motion quality. STAG4D (Zeng
et al. 2024) designs temporal anchor points for enhanced
4D consistency, but lacks temporal correlation, and their
designed Gaussian densification technique fails to consider
rapid texture differences in the same region across frames,
as shown in Fig. 2, and overlooks the time-varying require-
ments in the number of Gaussian points for adaptive appear-
ance modeling.

To address these challenges, we propose a novel 4D gen-
eration framework called 4DSTR, which conducts the tem-
poral correlation and spatial Gaussian rectification methods
to guarantee spatial-temporal consistency and motion real-
ism in generated 4D contents. Specifically, to ensure the
temporal consistency of multi-frame generative 4D Gaus-
sian points, the scales and rotations from all the video frames
are correlated through the Mamba-based (Gu and Dao 2023;
Liu et al. 2024b) temporal encoding layer. Then the per-
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Figure 1: Consistent 4D generation with spatial-temporal rectification. Our method proposes a novel framework for high-
quality 4D generation as in (A). Compared to the state-of-the-art method STAG4D (Zeng et al. 2024), our method has higher
generation consistency and quality in the dynamic region (red circle) of generated 4D sequences (B), which demonstrates that
our rectification methods significantly boost spatial-temporal consistency in generative 4D Gaussian representations.

frame scale residuals and rotation residuals are generated to
rectify the original inaccurate Gaussian points, which can
significantly boost the inherent motion coherence of gen-
erated 4D sequences. Additionally, a spatial rectification
method with the adaptive densification and pruning strat-
egy is proposed to add Gaussian points to regions with rich
textures requiring more 4D representation tokens and delete
Gaussian points in regions with less texture or unstable
Gaussian attributes for each training iteration. The adaptive
densification and pruning strategy can enable the generative
4D Gaussian points to adapt to rapid temporal variations and
possess more photorealistic reconstruction quality. Integrat-
ing these two designs, our method can significantly boost
spatial-temporal consistency and generation quality for the
video-to-4D generation task in Fig. 1. When combining with
a pre-trained text-to-image or text-to-video generation dif-
fusion model, our method can also support the text-to-4D
generation task.

Overall, the contributions of this paper are as follows:

• We propose 4DSTR, a novel 4D generation pipeline with
spatial-temporal rectification to strengthen the spatial-
temporal consistency of generated 4D videos and en-
hance the adaptation ability to rapid temporal variations.

• To ensure temporal consistency, a Mamba-based tem-
poral encoding layer is designed to correlate video se-
quences and regress scale and rotation residuals of gen-
erative 4D Gaussian points in each frame.

• To adapt to rapid spatial variations across frames, we
dynamically rectify the number of 4D Gaussian points
using a per-frame adaptive Gaussian densification and
pruning strategy with all-frame temporal awareness.

• Extensive experiments on the video-to-4D show the su-

periority of our proposed approach. Our 4DSTR outper-
forms the state-of-the-art 4D generation approach with a
15.1% FID-VID reduction and a 19.9% FVD reduction,
which reveals our method’s great potential in the spatial-
temporal consistency of generated 4D sequences.

Related Work
Recently, there has been a significantly increasing research
focus on 4D generation with various guidance inputs in-
cluding image, video (Jiang et al. 2024c; Ren et al. 2023;
Wu et al. 2024b; Zeng et al. 2024), and text (Singer et al.
2023; Ling et al. 2024). In this section, we mainly delve into
descriptions for video-to-4D generation, text-to-4D genera-
tion, and also spatial-temporal modeling, respectively.

Video-to-4D Generation
Video-to-4D generation produces spatiotemporal content
from uncalibrated monocular videos. Consistent4D (Jiang
et al. 2024c) applies an interpolation-driven loss on DyN-
eRF (Fridovich-Keil et al. 2023) reconstructions but suf-
fers from long optimization and limited motion control.
DreamGaussian4D (Ren et al. 2023) and SC4D (Wu et al.
2024b) employ deformable 4D Gaussian splatting, while
DreamMesh4D (Li, Chen, and Liu 2024) combines mesh
representations with geometric skinning for improved sur-
face detail; however, they all lack strong spatial–temporal
coherence. STAG4D (Zeng et al. 2024) introduces tempo-
ral anchors and adaptive densification to enhance frame-to-
frame correlation. CAT4D (Wu et al. 2025) designs a sam-
pling strategy to generate an unbounded collection of con-
sistent multi-view videos for 4D generation. In contrast, we
demonstrate that spatial-temporal modulation across frames
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is essential for enhanced consistency and high-quality mo-
tion.

Text-to-4D Generation
MAV3D (Singer et al. 2023) pioneers by using a text-
to-image diffusion model for static objects and a text-to-
video model with SDS loss for dynamic sequences. AYG
(Ling et al. 2024) integrates compositional text-to-image,
text-to-video, and 3D-aware multi-view diffusion to opti-
mize 4D Gaussians, while TC4D (Bahmani et al. 2024)
improves motion realism via trajectory-conditioned rigid
transforms and local deformations. However, reliance on
pre-trained diffusion models limits performance and leads
to spatial–temporal inconsistency and domain gaps (Zhang
et al. 2024). 4Real-Video (Wang et al. 2025b) proposes a
two-stream grid-based 4D video generation method with
both viewpoint and temporal updates.

4D Spatial–Temporal Modeling
4D spatial–temporal modeling extends static point cloud
analysis to video by capturing temporal correlations (Liu
et al. 2025c; Liu, Cheng, and Yang 2023; Nie et al. 2025; Liu
et al. 2024d; Zhou et al. 2025b,c). PSTNet (Fan et al. 2022)
employs disentangled spatial and temporal convolutions,
while P4Transformer (Fan, Yang, and Kankanhalli 2021)
uses Transformer for long-sequence embedding. Some re-
searchers study scene flow methods (Liu et al. 2024a; Jiang
et al. 2024b,a; Liu et al. 2023b) for 4D motion learning.
Mamba4D (Liu et al. 2025a) uses the Mamba architecture
(Gu and Dao 2023) to further enhance scalability. In this
work, we transfer the successful experiences in 4D modeling
into the spatial-temporal correlation of 4D Gaussian points
for more consistent and high-quality 4D generation.

Method
In this section, we will dive into the details of our proposed
4D generation pipeline as illustrated in Fig. 3. First, we ana-
lyze the limitations of current 4D generative Gaussian repre-
sentations. To mitigate these restrictions, we propose a tem-
poral correlation module to establish temporal consistency
and regress the scale and rotation residuals for each frame.
Furthermore, an adaptive densification and pruning strat-
egy is proposed to dynamically add or remove 4D Gaussian
points at the frame level to strengthen the ability to adapt to
rapid spatial variations over time.

Limitations of Prior 4D Representations
Dynamic NeRF-based methods (Fridovich-Keil et al. 2023)
often suffer from poor motion consistency and flexibility
due to their implicit nature and fixed bounding boxes (Bah-
mani et al. 2024). Recent works (Zeng et al. 2024; Ren et al.
2023; Li, Chen, and Liu 2024) therefore adopt deformable
4D Gaussian Splatting (Wu et al. 2024a), which extends 3D
Gaussians (Kerbl et al. 2023) with a deformation field:

F(S, t) = [Xt, st, rt, σ, ζ], (1)
where Xt, st, rt update position, scale, and rotation, and σ,
ζ correspond to the opacity and spherical harmonics (SH)
coefficients of the radiance (Kerbl et al. 2023), respectively.

STAG4D OursReference Video STAG4D OursReference Video

Figure 2: Rapid temporal variations among frames. The
mouth of Minions witnesses rapid appearance variations for
two different frames. Compared to STAG4D (Zeng et al.
2024), our method designs an adaptive Gaussian densifica-
tion and pruning strategy, which largely enhances the adap-
tation capability of our 4D generative Gaussian.

However, these methods process each timestamp indepen-
dently, lacking explicit temporal correlation or rectification
(Zeng et al. 2024). They also keep a constant number of
Gaussians across frames, which hinders adaptation to rapid
texture changes. As shown in Fig. 2, suddenly changing re-
gions with more texture details should be supplemented with
more Gaussian points. We address these issues by introduc-
ing a spatial-temporal correlation and rectification module
alongside adaptive densification and pruning for enhanced
spatial–temporal consistency and motion fidelity.

Temporal Correlation and Rectification
To effectively guarantee spatial-temporal consistency of
generated 4D videos, we design a temporal buffer to store
and facilitate interactions among multi-frame Gaussian at-
tributes through the Mamba architecture (Gu and Dao 2023)
as in Fig. 3. Unlike previous 4D Gaussian Splatting methods
that only query Gaussian features from the current frame
(Wu et al. 2024a), our approach utilizes temporal Gaus-
sian attributes F(S, t) = [Xt, st, rt, σ, ζ]

T
t=1 from multi-

ple timestamps as input for effective temporal correlation.
Specifically, Gaussian attributes predicted from the current
frame will correlate with the stored history Gaussian at-
tributes in the temporal buffer to generate updated temporal
features and regress the rectified Gaussian attribute residu-
als. The temporal buffer MG

0 ∈ RT×dG , which holds Gaus-
sian attributes over time, is initialized empty and retains a
fixed length T . Here, dG = 11 corresponds to the Gaussian
attribute vectors: position, scale, rotation, and opacity.
Temporal Correlation with Mamba. During the tempo-
ral correlation phase, the current Gaussian attribute feature
Ft just generated from the deformable network will interact
with the temporal buffer through a sliding window mecha-
nism. When current Gaussian attributes are written into the
temporal buffer MG

t−1, the temporally farthest Gaussian at-
tribute F̂t−T−1 is discarded. The T − 1 most recent Gaus-
sian attributes {F̂t−T , ..., F̂t−1} are then concatenated with
the current Gaussian attribute Ft as follows:

{F̂t−T−1, F̂t−T , ..., F̂t−1} ⇒ {F̂t−T , ..., F̂t−1,Ft}, (2)

where the braces denote the concatenation of Gaussian
attributes along the temporal axis. Concatenated features
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Figure 3: The overall pipeline of our 4DSTR. Given an input video, we use Zero123++ (Shi et al. 2023) to generate multi-view
frames and initialize the first-frame 3D Gaussians. A lightweight multi-head decoder then maps voxel features to per-frame 4D
Gaussian parameters. To ensure 4D coherence, our temporal correlation module regresses scale and rotation residuals, while
per-frame adaptive densification and pruning dynamically adjust Gaussian counts to capture rapid spatial changes.

MG
t−1 = {F̂t−T , ..., F̂t−1,Ft} are then passed as input to-

kens into the subsequent Mamba-based temporal correlation
module:

F̂t = Mamba(MG
t−1), (3)

where Mamba refers to the standard selective state-space
model (Gu and Dao 2023). The temporally-correlated Gaus-
sian attributes are then used to regress the scale and rotation
residuals for the rectification.
Gaussian Attribute Rectification. After the temporal cor-
relation, we rectify the scales and rotations of Gaussian
points for each frame. Here, we only extend details of
the scale rectification, and the same procedure is applied
to rotation modulation. We rectify the Gaussian scales in
the current frame through the feature fusion of temporally-
correlated Gaussian attribute features F̂t, current scales st,
and history scales ŝt−1 as:

∆st = W (F̂t ⊕ st ⊕ ŝt−1), (4)

where W means the dynamic weighting method in (Ay-
demir, Akan, and Güney 2023). ŝt−1 indicates the nearest
history scales, and ∆st represents the regressed residuals of
Gaussian scales. Then the rectified scales in the timestamp t
can be represented by: ŝt = st+∆st. Finally, we update the
temporal buffers by concatenating the current temporally-
correlated features F̂t with the previous T − 1 frames:

MG
t = {F̂t-T+1, ..., F̂t-1, F̂t}. (5)

MG
t will be used for the rectification process in the next

timestamp t + 1, regressing scale and rotation residuals
∆st+1 and ∆rt+1.

Adaptive Gaussian Densification and Pruning
3D Gaussian Splatting employs point densification to ad-
just Gaussian density for accurate 3D reconstruction, while
4D Gaussian Splatting (Wu et al. 2024a) uses a fixed view-
space gradient threshold. STAG4D (Zeng et al. 2024) adds
an adaptive threshold but averages gradients over all frames.
As a result, all frames retain the same number of Gaus-
sian points after these operations. We observe that the same
number for all frames is suboptimal for dynamic scenes.

Figure 4: Illustration of Per-frame Adaptive Gaussian
Densification strategy. We accumulate and average each
Gaussian point’s gradient over training steps. Then, at each
timestep t, we independently apply densification or pruning
based on its averaged gradient. For example, when a Min-
ion’s mouth opens at Ft, we densify that region; when it
closes at FT , we prune it.

For example, as in Fig. 4, capturing the details of Minions’
mouth requires larger numbers of Gaussian points when the
mouth is suddenly open. To address this, we propose per-
frame adaptive densification and pruning, dynamically tun-
ing Gaussian counts to better model rapid spatial changes.
Per-Frame Adaptive Gaussian Densification. As shown in
Fig. 4, our method analyzes the accumulated gradient G(p)
for each Gaussian point p over time, following a log-normal
distribution throughout training. To ensure adaptive selec-
tion, we define the per-frame densification threshold τt as:

τt = Quantile(1−λ)

(
{G(p) | p ∈ F̂t}

)
, (6)

where Quantile(1−λ)(·) represents the (1 − λ)-quantile of
the accumulated gradients over all Gaussian points and F̂t

represents the set of all Gaussian points in the frame t. A
Gaussian point p is densified only if G(p) ≥ τt.
Per-Frame Gaussian Pruning Strategy. To maintain a bal-
anced distribution of Gaussian points, we prune points based
on opacity, screen-space size, and world-space scaling con-
straints (Wu et al. 2024a; Zeng et al. 2024). Specifically, a
Gaussian point p is removed if its opacity σ falls below a pre-
defined threshold τo. Furthermore, points are pruned if their
world-space scaling exceeds a maximum threshold smax or
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Figure 5: Qualitative comparisons on video-to-4D generation. Compared with the recent SOTA method STAG4D (Zeng et al.
2024), our method delivers higher-quality results in dynamic regions such as squirrel and deer heads or an elephant’s trunk.

Methods Reference FID-VID ↓ FVD ↓ CLIP ↑ LPIPS ↓
DG4D (Ren et al. 2023) arXiv’23 73 856 0.88 0.14
Consistent4D (Jiang et al. 2024c) ICLR’24 / 1134 0.88 0.13
4DGen (Yin et al. 2023) arXiv’24 72 / 0.89 0.13
SC4D (Wu et al. 2024b) ECCV’24 / 880 0.90 0.14
STAG4D (Zeng et al. 2024) ECCV’24 53 992 0.91 0.13
4Diffusion (Zhang et al. 2024) NeurIPS’24 / / 0.88 0.17
MVTokenFlow (Huang et al. 2025a) ICLR’25 / 846 0.91 0.12
4DSTR (Ours) — 45 795 0.92 0.12

Table 1: Quantitative comparisons with SOTA methods on the video-to-4D generation task. The best results are in bold.

falls below a minimum threshold smin, ensuring that only
points contributing meaningfully to the reconstruction are
retained as:
F̂ ′

t = {p ∈ F̂t | (α(p) ≥ τo) ∧ (smin ≤ ŝt ≤ smax)}, (7)

where F̂ ′
t indicates the Gaussian attributes that are spatially

rectified after the per-frame adaptive Gaussian pruning. By
dynamically adjusting the per-frame densification threshold
and selecting the top λ of Gaussian points with the highest
gradients, our method continuously refines the point distri-
bution in response to scene complexity. As shown in Fig.
2, our per-frame adaptive densification and pruning strategy
effectively enhances the quality and robustness of 4D Gaus-
sian representations, significantly outperforming the same
number for all frames approaches in rapidly changing dy-
namic scenes (see Table 2).
Gaussian Correspondence Alignment. Per-Frame Gaus-
sian Densification and Pruning may disrupt inter-frame cor-
respondence of Gaussian points, but the Temporal Rectifi-
cation relies on the temporal correspondence of Gaussian
points across frames. To tackle the problem, we design a per-
frame index to explicitly indicate and associate each densi-
fied or pruned Gaussian point with its corresponding frame.
This process ensures temporal alignment between Gaussian
points in the memory buffer after the Per-Frame Gaussian
Densification and Pruning.

Loss Function
Given a monocular reference video, we use Zero123++ (Shi
et al. 2023) to render six anchor views {Iit}6i=1 plus a ref-

erence Ireft , enhanced with temporally consistent diffusion
from STAG4D (Zeng et al. 2024). We then optimize 4D
Gaussians via multi-view SDS:

LMVSDS = λ1 LSDS
(
ϕ, Iit

)
+ λ2 LSDS

(
ϕ, I ref

t

)
, (8)

where the index i is chosen based on the closest viewpoint
match between the rendered images and the reference, and
λ1, λ2 are weighting parameters.

Following the setup in (Zeng et al. 2024), we incorporate
the reference image to calculate a reconstruction term Lrec
and a foreground mask term Lmask. Hence, our total objec-
tive is:

L = LMVSDS + λ3 Lrec + λ4 Lmask, (9)

where λ3 and λ4 are additional coefficients. During train-
ing, we first apply L to a static frame to obtain a canonical
3D Gaussian, then use anchor and reference views to learn
dynamic 4D Gaussians.

Since 4DSTR learns temporal variations directly, per-
frame losses alone are insufficient. Inspired by MOTR (Zeng
et al. 2022), we define a collective average loss (CAL),
which aggregates losses over a sub-clip of Ts frames as
LCAL = 1

Ts

∑Ts

t=1 Lt. where Lt denotes the total loss for
frame t, computed according to Eq. (9).

Experiment
Datasets and Metrics
Datasets. In terms of the video-to-4D task, we follow Con-
sistent4D (Jiang et al. 2024c), leveraging multi-view videos
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Rectification Evaluation Metrics
Temporal Spatial FID-VID ↓ FVD ↓ CLIP ↑ LPIPS ↓

74.24 1049.32 0.902 0.135
✓ 55.32 970.65 0.910 0.128

✓ 52.21 850.32 0.912 0.126
✓ ✓ 45.31 795.21 0.918 0.121

Table 2: Ablation study on effectiveness of temporal and
spatial rectification methods for video-to-4D generation.

Model FID-VID ↓ FVD ↓ CLIP ↑ LPIPS ↓

STAG4D 76.00 1035.00 0.903 0.146
4DSTR (Ours) 43.72 733.24 0.921 0.125

Table 3: Performance on extended video sequences

with 7 dynamic objects to conduct the quantitative compar-
isons. Moreover, we also supplement the data from the on-
line video resources created in STAG4D (Zeng et al. 2024).
Evaluation Metrics. We adopt four metrics (Jiang et al.
2024c; Zeng et al. 2024) to evaluate the performance of our
models: CLIP and LPIPS for per-frame semantic and re-
construction quality, and FID-VID and FVD for video-level
temporal coherence and multi-frame consistency.

Implementation Details
The deformation fields are parameterized by MLPs with
64 hidden layers of 32 units, and the temporal model uses
32 units. During training, the learning rate decays from
1.6 × 10−4 to 1.6 × 10−6. For per-frame adaptive densi-
fication and pruning, we densify the top λ = 2.5% points
by accumulated gradient and prune points with opacity be-
low τo = 0.01 or scale outside [smin = 0.001, smax =
0.1] (Zeng et al. 2024). We use temporal buffers of length
T = 10 and Ts = 4, SDS weights λ1, λ2 = 1, and allocate
λ3 = 2 × 104, λ4 = 5 × 103 to reconstruction and mask
losses. All experiments run on a single RTX 4090.

Qualitative Results
We compare to the state-of-the-art method STAG4D (Zeng
et al. 2024), which leverages spatial–temporal anchors. As
shown in Fig. 1, our rectification yields better spatial-
temporal consistency in dynamic regions. Fig. 5 further
shows our reconstructed videos offer improved rendering
quality, particularly in high-dynamic regions.

Quantitative Results and Comparison
We quantitatively compare 4DSTR with DG4D (Ren et al.
2023), Consistent4D (Jiang et al. 2024c), 4DGen (Yin
et al. 2023), SC4D (Wu et al. 2024b), and SOTA meth-
ods STAG4D, 4Diffusion (Zhang et al. 2024), MVToken-
Flow (Huang et al. 2025a) (Table 1). 4DSTR leads on all
four metrics. It surpasses MVTokenFlow and STAG4D on
image reconstruction. Due to our designed spatial-temporal
rectification methods, 4DSTR has much more potential ad-
vantages in video-based metrics, with a 15.1% FID-VID re-
duction and a 19.9% FVD reduction compared to STAG4D.

Evaluation Metrics Latency (fps) ↑Methods FID-VID ↓ FVD ↓ CLIP ↑ LPIPS ↓
GRU 50.32 821.13 0.913 0.127 68
Attention 54.23 812.36 0.914 0.125 72
Mamba 45.31 795.21 0.918 0.121 80

Table 4: Ablation study on temporal correlation methods.

Evaluation MetricsTemporal lengths FID-VID ↓ FVD ↓ CLIP ↑ LPIPS ↓
T=2 57.32 855.13 0.908 0.132
T=5 53.21 823.32 0.912 0.127
T=10 45.31 795.21 0.918 0.121
T=15 43.54 804.32 0.917 0.120

Table 5: Ablation study on different temporal length.

This demonstrates the effectiveness of our temporal correla-
tion in enhancing spatial-temporal consistency.

Ablation Studies
Significance of Temporal and Spatial Rectification. We
ablate the temporal rectification and spatial densification
modules in Table 2. Removing temporal correlation in-
creases FID-VID and FVD by 22.1%, highlighting its role
in maintaining temporal consistency (Fig. 7). Spatial recti-
fication with adaptive Gaussian densification and pruning is
likewise crucial for high-quality rendering of fast-moving
objects (Fig. 8).
Longer Sequence Generation Results. To validate robust-
ness over longer horizons, we construct a 60-frame test set
following Consistent4D in Table 3. While STAG4D’s per-
formance degrades sharply on 60-frame inputs, 4DSTR fur-
ther reduces FID-VID and FVD, confirming that our spatial-
temporal rectification mechanism scales effectively to ex-
tended sequences, preserving spatial-temporal consistency.
Various Temporal Encoding Methods. We adopt a
Mamba-based interaction for temporal encoding of Gaus-
sian scales and rotations, leveraging its linear-complexity
modeling of long-range dependencies. Table 4 shows that
Mamba outperforms GRU (Cho et al. 2014) and atten-
tion (Vaswani et al. 2017) backbones, achieving up to a 5.01
reduction in FID-VID and running at 80 FPS, which led us
to choose it for our temporal correlation module.
Varying Temporal Window Sizes. Although rapid varia-
tions are local, adjacent-frame models often fail under occlu-
sions, appearance shifts, and large displacements. Extending
the temporal window provides additional context to resolve
abrupt motions and preserve spatial–temporal coherence. As
shown in Table 5, increasing the window size T from 2 to 5
and then 10 consistently improves FID-VID and FVD, while
further enlarging T brings negligible gains, indicating that a
10-frame window suffices to capture rapid variations. .

Results of Text-to-4D Generation
Following prior works (Zeng et al. 2024), our pipeline
also supports text-to-4D generation by using SDXL (Podell
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Figure 6: Qualitative comparisons on text-to-4D generation. Our method can also support text information as the guidance,
generating consistent and high-quality 4D sequences which can be observed from diverse views.

Figure 7: Ablation on temporal rectification. Without our
temporal correlation module, the temporal consistency of
generated 4D sequences is largely undermined.

w/o Spatial Rec.

with Spatial Rec.

Reference

w/o Spatial Rec.

with Spatial Rec.

Reference

Figure 8: Ablation on spatial rectification. Without our de-
signed spatial Gaussian densification and pruning module,
the reconstruction quality on high-dynamic regions is poor.
We highlight differences with red rectangles.

et al. 2023) for image synthesis and SVD (Blattmann et al.
2023) to create short videos, then applying the video-to-4D

Methods Vis. Cons. Align.

Consistent4D (Jiang et al. 2024c) 13.3% 20.0% 16.7%
STAG4D (Zeng et al. 2024) 33.3% 30.0% 36.7%
Ours 53.3% 50.0% 46.7%

Table 6: User study for the text-to-4D generation task.

pipeline above. We use the same data settings as STAG4D
for fair comparison and conduct a user study (Huang et al.
2025a) evaluating the performance of text-to-4D generation
task. Fig. 6 shows diverse 4D samples with plausible dy-
namics and spatio-temporal consistency across modalities.
Following (Zeng et al. 2024), the user study covers 14 test
scenarios with 30 evaluators rating visual quality (Vis.), tem-
poral consistency (Cons.), and alignment with the input text
(Align.); in Table 6, our method achieves the highest scores
on all metrics, demonstrating the superiority of 4DSTR on
the text-to-4D generation task.

Conclusion

In this paper, we introduce 4DSTR, a 4D generation network
with spatial–temporal rectification. Our approach correlates
deformable 4D Gaussian points across multiple frames, en-
suring a consistent Gaussian representation in each frame.
To handle rapid temporal changes, we introduce an adap-
tive spatial densification and pruning strategy, dynamically
adding or removing Gaussian points based on long-range de-
pendencies. Extensive experiments show 4DSTR sets a new
SOTA in video-to-4D generation on reconstruction quality,
temporal coherence, and dynamic adaptability. Furthermore,
our designed pipeline can also support high-quality text-to-
4D generation task when combined with existing text-to-
image generators.
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