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Abstract

Recently, the generation of dynamic 3D objects from a video

has shown impressive results. Existing methods directly op-

timize Gaussians using whole information in frames. How-

ever, when dynamic regions are interwoven with static re-

gions within frames, particularly if the static regions ac-

count for a large proportion, existing methods often over-

look information in dynamic regions and are prone to over-

fitting on static regions. This leads to producing results with

blurry textures. We consider that decoupling dynamic-static

features to enhance dynamic representations can alleviate

this issue. Thus, we propose a dynamic-static feature de-

coupling module (DSFD). Along temporal axes, it regards

the regions of current frame features that possess signifi-

cant differences relative to reference frame features as dy-

namic features. Conversely, the remaining parts are the

static features. Then, we acquire decoupled features driven

by dynamic features and current frame features. Moreover,

to further enhance the dynamic representation of decou-

pled features from different viewpoints and ensure accu-

rate motion prediction, we design a temporal-spatial sim-

ilarity fusion module (TSSF). Along spatial axes, it adap-

tively selects similar information of dynamic regions. Hing-

ing on the above, we construct a novel approach, DS4D.

Experimental results verify our method achieves state-of-

the-art (SOTA) results in video-to-4D. In addition, the ex-

periments on a real-world scenario dataset demonstrate

its effectiveness on the 4D scene. Project page: https:

//github.com/LiyingCV/DS4D.

1. Introduction

Generating dynamic 3D (4D) content [7, 11–13, 26, 28, 32,

39] from video is an essential research topic involving the

field of computer vision and computer graphics. However,

it is rather formidable to predict accurate motion from a few

viewpoints while ensuring high-quality generation.

(b)

(a)

Figure 1. (a) Illustration of the issues caused by different pro-

portions of dynamic and static regions. Previous work [51] gen-

erates the 4D content with obviously blurry textures in the dy-

namic regions with B-type video input. In contrast, our methods

with decoupling dynamic-static features generates high-quality re-

sults with clear textures. (b) The visualization of dynamic fea-

tures in our method. The red region highlights the primary region

of interest in the dynamic features in B-type videos. This part is

also the dynamic region between frames R and C. It demonstrates

our method can successfully decouple dynamic-static features.

There are two main streams in current approaches to

improving generation quality. Inference-based methods

[15, 30, 43, 52] can generate high-quality 4D content
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by capturing temporal-spatial correlations in its 4D diffu-

sion model. Another stream is optimization-based meth-

ods [34, 41, 49, 51]. These methods generate 4D content

through distilling spatial prior knowledge from pre-trained

multi-view [17, 33] diffusion models. However, previous

methods only model temporal-spatial correlations using

whole information in frames, but fail to explicitly differ-

entiate between the dynamic and static regions within a

frame. If static regions account for a significant portion,

previous methods overlook dynamic information. Thus they

tend to overfit static regions, resulting in a diminished ca-

pacity to perceive texture variations in dynamic regions. As

shown in Fig.1 (a), previous work (STAG4D [51]) produces

results with blurry texture (e.g., wrinkles in clothes), partic-

ularly when confronted with B-type input video†.

To tackle above problems, we present a novel approach

DS4D, which decouples dynamic and static features along

temporal and spatial axes to enhance dynamic representa-

tions for high-quality 4D generation. In particular, we pro-

pose dynamic-static feature decoupling module (DSFD) to

obtain decoupled features. We assume some regions of cur-

rent frame features exhibit significant differences relative to

reference frame features. Such regions always contain im-

portant knowledge of texture, shape variations, and motion

trends under current timestamps. Therefore, it can be re-

garded as the dynamic feature of the current frame. In con-

trast, the remaining parts are the static features. Based on

this assumption, we decompose the dynamic components

between each frame feature and reference frame features

along the temporal axes. The dynamic component (also

termed dynamic features), as difference features between

two frame features, is able to represent the dynamic infor-

mation (as shown in Fig.1 (b)). At last, we acquire de-

coupled features driven by dynamic components and cor-

responding frame features.

Note that spatial occlusion leads to the failure of dy-

namic components captured from a specific viewpoint to

inadequately represent the inherent dynamic information

in 4D space. To mitigate this issue, we design temporal-

spatial similarity fusion module (TSSF) which engages in

enhancing features’ dynamic representations. Firstly, Gaus-

sian points are initialized by utilizing a large reconstruction

model [45]. Then, point features are obtained by retriev-

ing decoupled features for Gaussian points via view projec-

tion in TSSF. Subsequently, TSSF produces fused Gaussian

features by adaptively selecting information on dynamic re-

gions containing similar texture, shape, and motion rep-

resentations from point feature space at same timestamps

along spatial axes. Finally, fused Gaussian features with

strong dynamic representation, are used for 4D generation.

The contributions can be summarized as follows:

• To our best knowledge, we are the first to propose a

†There is a large proportion of static regions within the video.

framework DS4D that decouples dynamic-static informa-

tion in frames along temporal-spatial axes to enhance dy-

namic representations for high-quality 4D generation.

• Leveraging significant differences between frame fea-

tures, we propose dynamic-static feature decoupling

module (DSFD) to decouple dynamic and static features.

• We tackle the issue of inadequate dynamic information

in 4D space resulting from spatial occlusion by designing

temporal-spatial similarity fusion module (TSSF). TSSF

enhances dynamic representations in features.

• Experimental results on Consistent4D dataset [9] and Ob-

javerse dataset [4] demonstrate our DS4D outperforms

other SOTA methods in terms of video quality, motion

fidelity, and temporal-spatial consistency. Furthermore,

the experiments on a complex real-world scenario dataset

[11] verify its effectiveness on 4D scenes.

2. Related Works

2.1. 3D Generation

3D generation aims to produce 3D assets using images or

text descriptions. The early works generate 3D objects

in voxels [3, 42, 46, 53], meshes [23, 37, 38] or point

clouds [1, 6, 19] forms. Recently, thanks to the popular

application of NeRF [21, 22] and 3D Gaussian Splatting

[10, 50], and the successful pre-trained text-to-image dif-

fusion model [31] in 2D generation tasks, most works in-

cluding DreamFusion [27] Dreamgaussian [35] that focus

on 3D generation try to use Score Distillation Sampling

(SDS) loss [27] to explore the possibility of inspiring poten-

tial 3D-aware from diffusion. However, these works always

suffer from over-saturation, over-smoothing, and multi-face

problems. Because it is a challenge to distill the invisible

views while ensuring multi-view consistency based on 2D

diffusion. In contrast, Zero-1-to-3 [17] and Zero123++ [33]

directly train a 3D-aware diffusion model using multi-view

images and corresponding camera poses. Zero-1-to-3 and

Zero123++ usually generate more stable and high-quality

novel views thanks to the spatial perception built into them.

Therefore, in our method, we use Zero123++ to predict the

novel views at all timestamps to provide additional multi-

view sequences for optimization.

2.2. 4D Generation

Compared to 3D generation, 4D generation is a more chal-

lenging task. Current 4D representations are two main

streams, including NeRF-based [5, 21, 25, 28, 36, 40] and

3D Gaussians-based [10, 13, 14, 16, 18, 39, 48]. Consis-

tent4D [9], as the NeRF-based method, leverages the prior

knowledge from pre-trained 2D diffusion models to opti-

mize dynamic NeRF by Score Distillation Sampling (SDS)

optimization. Dreamgaussian4D [29], STAG4D [51] and

SC4D [41] both attempt to introduce dynamic 3D Gaussians
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Figure 2. Overview of our proposed DS4D. Given an input video and corresponding multi-view sequences, our DS4D decouples features

of the frame at time t based on the reference frame in DSFD module. Next, we acquire point features by retrieving each decoupled feature

for Gaussian points via view projection, and we obtain fused Gaussian features by adaptively selecting similar dynamic information from

point feature space in TSSF module. Finally, through Deformation MLP, our method generates 4D content.

in 4D generation. Dreamgaussian4D notably reduces the

cost of optimization time by improving the training strate-

gies. STAG4D can generate anchor multi-view videos for

optimization via a training-free strategy. SC4D optimizes

sparse-controlled dynamic 3D Gaussians through SDS loss.

However, these methods model temporal-spatial correla-

tions using whole video but ignore the dynamic information

in frames when static regions account for a large portion. It

leads to them easily overfitting on static parts.

3. Methodology

3.1. Overview

In this section, we provide an overview of DS4D, which

includes initialization in Sec.3.2, dynamic-static feature de-

coupling (DSFD) in Sec.3.3, and temporal-spatial similar-

ity fusion (TSSF) in Sec.3.4. The overall framework of our

proposed method is illustrated in Fig.2.

3.2. Initialization

Formally, we begin with a single-view video. For each

frame in the video, we adopt Zero123++ [33] to infer the
†pseudo multi-view images of frames. Then we obtain

frame sequences, I = {I(0,0), I(0,1), . . . , I(i,j), . . . , I(t,v)},

where t represents the number of frames, and v represents

the number of views of each frame.

Frame Feature Extraction. Owing to the superior fea-

ture extraction capability of the visual foundation model,

we employ it as the feature extractor to obtain high-quality

features. Thanks to the strong feature extraction ability of

DINOv2 [24], we leverage DINOv2 to extract frame fea-

tures F = {f (0,0), f (0,1), . . . , f (i,j), . . . , f (t,v)} from se-

quences I = {I(0,0), I(0,1), . . . , I(i,j), . . . , I(t,v)}, where

f (i,j) ∈ R
P×D, P and D are the number of tokens and

token dimension, respectively. Each feature f (i,j) encodes

the geometry and texture of the corresponding frame.

Gaussian Points Initialization. Previous works [41, 51]

initialize Gaussian points randomly, leading to unstable

topology during optimization and ultimately compromis-

ing the quality of results. To solve the above problem,

we initialize static 3D Gaussian points through pre-defined

point clouds. Specifically, we employ a large reconstruc-

tion model [45] to generate the point clouds from the mid-

dle frame. This initialization approach provides a geometric

prior and ensures the stability of subsequent optimization.

3.3. Dynamic-Static Feature Decoupling (DSFD)

We employ a set of frame features F, which consists of all

frame features and their corresponding multi-view features,

†The discussion about the impact of multi-view sequence quality and

the robustness of our methods can be seen in supplementary material

(Sec.6.1).
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to decouple dynamic-static features. Specifically, our de-

coupling process involves two aspects: 1) Finding out ref-

erence frame features; 2) Decoupling dynamic and static

features along temporal axes.

Finding out reference frame features. Decoupling

frame-by-frame features usually consumes considerable

computation time. Hence, we specify special frames as ref-

erences for decoupling. It is critical to determine whether

reference frame features can accurately represent the se-

mantic content of the entire video. Considering that we

initialize static Gaussian points at the middle frame, the

whole model needs to capture the texture, shape, and mo-

tion transformation from the middle frame to any frame dur-

ing training and inference. Therefore, we choose the frame

features f ( t

2
,j) of the middle timestamp as one of the ref-

erence frame features, which represent the semantic. Fur-

thermore, to represent the motion trends in video, we need

a kind of feature that can describe the motion variations of

the entire video. Hence, we also specify the †average frame

features f̄ (t̄,j) as reference frame features, which represent

the average motion variations.

Decoupling dynamic and static features along tem-

poral axes. To reliably decouple dynamic and static in-

formation in frame features, we need to obtain the regions

of current frame features that exhibit significant differences

relative to reference frame features. These regions contain

important knowledge of texture, shape variations, and mo-

tion trends under current timestamps. The regions with sig-

nificant differences mean dynamic parts between the two

frame features, while regions with similar information mean

static parts between the two frame features. Therefore,

we propose the dynamic-static feature decoupling module

(DSFD), as shown in Fig.3.

Concretely, given specific j-th view in timestamp i, we

project frame features f (i,j) onto reference frame features

rj . The projection represents the semantic overlapping

part of the two frames. In other words, regions in the

two frames with no texture and shape transformations

are identified as the static part. The process is mathemat-

ically formulated as follows:

  \label {eq1} f_{\text {static}}^{(i,j)}=(\frac {f^{(i,j)}\cdot r^{j}}{\Vert r^{j}\Vert _2})\frac {r^{j}}{\Vert r^{j}\Vert _2}, 

 

  







 (1)

where · denotes dot product.

The difference between current frame features and static

features means the orthogonal vector. Then, we identify the

orthogonal vector as the semantic difference between the

current frame and the reference frame. Hence, the orthogo-

nal vector can be regarded as dynamic features:

  \label {eq2} f_{\text {dynamic}}^{(i,j)}=f^{(i,j)}-f_{\text {static}}^{(i,j)}. 

    


  (2)

At each timestamp, we obtain the dynamic features in a

particular view. Dynamic features contain significant differ-
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Figure 3. An overview of the decoupling architecture in DSFD.

The decoupling architecture is shown on the left. The demonstra-

tion of projection is shown on the right.

ence information, which represents the motion knowledge

of the current frame relative to the reference frame. Mean-

while, frame features contain texture and shape attributes of

the current frame, which are useful for subsequently texture

and shape learning. Hence, we leverage dynamic features

to supplement dynamic information in the frame features

while retaining the inherent attributes of the frame features.

Here, we append each token of the current frame features

f (i,j) with dynamic features f
(i,j)
dynamic. Then, the appended

features f
(i,j)
d are integrated based on both the temporal i

and spatial j, which are named decoupled features FD =

{f
(0,0)
d , f

(0,0)
d , . . . , f

(i,j)
d , . . . , f

(t,v)
d }, where t and v denote

the number of frames and number of views, respectively.

3.4. Temporal-Spatial Similarity Fusion (TSSF)

Since the features in FD obtained from a particular view-

point do not adequately represent the complete dynamic in-

formation in the 4D space, we design temporal-spatial simi-

larity fusion module (TSSF) to adaptively select similar dy-

namic information from decoupled features under different

views at the same timestamp.

Inspired by [20], we retrieve the decoupled features from

Gaussian points by view projection. Then we integrate de-

coupled features into point features based on the given cam-

era pose. The Gaussian points are well-aligned with decou-

pled features thanks to the projection operations. Therefore,

point features Fp = {f
(0,0)
p , f

(0,1)
p , . . . , f

(i,j)
p , . . . , f

(t,v)
p }

encapsulate extensive dynamic information from decoupled

features. In fact, among different viewpoints, the texture,

shape, and motion representations from the same spatial

area of the object are similar in the same timestamps. Based

on this fact, utilizing the semantic similarities in point fea-

tures across viewpoints and aggregating them contributes to

the enhancement of dynamic representations in point fea-

tures. Hence, we propose an adaptive fusion in Fig.4.

At the same timestamp, we design global awareness fu-

sion (GA) in adaptive fusion to merge similar dynamic in-

formation from point features along spatial axes. However,

†Average frame features f̄ (t̄,j) are derived from the average of all

frame features from a particular view.
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Figure 4. An overview of adaptive fusion in TSSF.

under conditions of significant differences among multi-

views, the effect of merging in GA is affected by that dy-

namic regions are noticeably obscured in specific view-

points. Therefore, we need to reduce the impact of point

features under these views for merging while retaining the

useful dynamic information in these features. Based on this

condition, we design distance awareness fusion (DA).

Global awareness (GA). At time i, the fully-connection

layer (FC) generates score maps W = {w(0,0), . . . , w(t,v)}
for the point features of each view,

  \label {equ:fc1} \textbf {W}=\mathtt {Softmax}(\mathtt {FC}(\textbf {F}_{\textbf {p}})).   (3)

Then, we fuse them into fused point features by the

weighted summation of all point features according to their

score map. The fused features f i
a can be calculated as:

  \label {equ:fc2} f_a^i=\sum _{j=0}^{v}{w^{(i,j)}f_p^{(i,j)}}. 







  (4)

Distance awareness (DA). Frames from single-view

video are regarded as front view. The front frame reveals

real and visible motion areas of the object at various times-

tamps compared to the other views. This information within

the front frame requires preservation as much as possible

while supplementing the useful dynamic information from

other views for accurancy motion prediction. Thus, at time

i, we calculate the L1 distance between point features from

the front view and point features from the other views. The

distance quantifies the difference information between point

features extracted from the front view and those derived

from other viewpoints. The difference information con-

tains dynamic information that cannot be represented by the

point features of the front view. Then, we append point

features from other views with distance features and merge

them by Eq. (3) and Eq. (4). The fused point features from

other views are appended to point features from the front

view. We merge these features by Eq. (3) and Eq. (4) to

acquire the fused point features f i
a. Through the above pre-

processing, we reduce the impact of point features under

other views according to the front view while retaining use-

ful dynamic information in point features under other views.

In addition to fused features through adaptive fusion, we

also present dynamic Gaussian features as 3D Gaussian fea-

tures with HexPlane [2] for inherently regularizing features

of fields and guaranteeing their smoothness. Formally, the

dynamic Gaussian features at time i can be defined as:

  \label {equ:sig1} f_{\text {hg}}^{i}=\mathtt {HexPlane}(X_i,s_i,\gamma _i,\sigma ,\zeta ), 
       (5)

where Xi = (xi, yi, zi) denotes the position of Gaussian

points, si and γi denote scale and rotation at time i. σ and ζ

represent opacity and spherical harmonic coefficients of the

radiance. Then, we combine dynamic Gaussian features f i
hg

and fused point features f i
a at time i, and map them to fused

Gaussian features via learnable linear transformation. The

fused Gaussian features represent Gaussian intrinsic prop-

erties while capturing rich dynamic information. Therefore,

fused Gaussian features are essential for accurately predict-

ing deformation using Deformation MLP.

3.5. Training Objectives

Following [51], we calculate SDS loss and the photomet-

ric loss based on rendered views and ground truth images.

Inspired by [8, 45, 54], we introduce the LPIPS loss to min-

imize the similarity between pseudo multi-view images and

rendered views. More details can be found in the supple-

mentary material.

4. Experiments

4.1. Implementation Details

The implementation details are provided in the section.

More details can be found in supplementary material.

Datasets In our article, we use four challenging datasets.

1) We utilize the dataset provided by Consistent4D. 2) We

introduce a subset of Objaverse [4, 15]. The objects in Ob-

javerse have more complexity motion than Consistent4D

dataset. 3) We introduce some challenging videos from on-

line sources. 4) In Sec.5, to evaluate the effectiveness of our

method in real-world scenarios, we utilize three real-world

scenarios provided by Neu3D’s [11] dataset.

Metrics Following Consistent4D [9] and STAG4D [51],

we measure the 4D generation quality of our methods us-

ing CLIP, LPIPS, FVD and FID-VID. In Sec.5, following

[39], we evaluate our results using PSNR, LPIPS, SSIM,

and structural dissimilarity index measure (D-SSIM).

Training Our two models, including DS4D-GA (using

GA in TSSF) and DS4D-DA (using DA in TSSF) use the

same training setting.

4.2. Comparisons with Existing Methods

In this section, we compare our methods DS4D-GA and

DS4D-DA with the SOTA methods on Consistent4D dataset

and Objaverse dataset, including Consistent4D [9], Dream-

gaussian4D [29], STAG4D [51], SC4D [41], 4Diffusion
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Methods Optimization
Consistent4D dataset Objaverse dataset

CLIP ↑ LPIPS ↓ FVD ↓ FID-VID ↓ CLIP ↑ LPIPS ↓ FVD ↓ FID-VID ↓

Consistent4D [9] ! 0.9085 0.1316 1041.2242 28.6471 0.8491 0.2222 1814.5652 48.7921

Dreamgaussian4D [29] ! 0.9145 0.1517 844.9087 37.9977 0.8127 0.2017 1545.3009 58.3686

STAG4D [51] ! 0.9078 0.1354 986.8271 26.3705 0.8790 0.1811 1061.3582 30.1359

SC4D [41] ! 0.9117 0.1370 852.9816 26.4779 0.8490 0.1852 1067.7582 40.5130

4Diffusion [52] % 0.8734 0.2284 1551.6363 149.6170 - - - -

L4GM [30] % 0.9158 0.1497 898.0604 31.4996 - - - -

DS4D-GA (Ours) ! 0.9206 0.1311 799.9367 26.1794 0.8868 0.1761 890.2646 26.6717

DS4D-DA (Ours) ! 0.9225 0.1309 784.0235 24.0492 0.8881 0.1759 870.9489 25.3836

Table 1. Evaluation and comparison of the performance on Consistent4D dataset and Objaverse dataset. The best score is highlighted in

bold. All the experiments of the methods are carried out using the code from their official GitHub repository. For a fair comparison, the

experiment of and L4GM on Objaverse dataset are disregarded since they are inference-based methods trained on this dataset.

Input Video Consistent4D Dreamgaussian4D STAG4D SC4D 4Diffusion

T
im

el
in

e

𝒗૚ 𝒗૛𝒗૚ 𝒗૛ 𝒗૚ 𝒗૛ 𝒗૚ 𝒗૛ 𝒗૚ 𝒗૛ L4GM𝒗૚ 𝒗૛ DS4D-GA (Ours) DS4D-DA (Ours)𝒗૚ 𝒗૛ 𝒗૚ 𝒗૛
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Figure 5. Qualitative comparison on video-to-4D generation. For each method, we render results under two novel views at two timestamps.

More comparison examples, and some of the 360◦ generation results (video file) can be found in supplementary materials.

[52] and L4GM [30]. We conduct qualitative and quanti-

tative comparisons, respectively. The superior performance

demonstrates the effectiveness of our methods.

Quantitative comparisons. The quantitative results are

shown in Tab. 1. Our methods DS4D-GA and DS4D-

DA, consistently outperform other methods in all metrics.

Specifically, our methods notably exceed the SOTAs in

FVD, indicating that our generation results have fewer tem-

poral artifacts than others. Furthermore, the experiments

on Objaverse dataset present that our methods significantly

outperform other SOTAs by a large margin. It demonstrates

our methods are superior in terms of temporal-spatial con-

sistency, fidelity, and quality of generation results and un-

derscores the robustness of our methods. In summary, such

significant improvements are attributed to our method of de-

coupling dynamic-static features, which can explicitly dis-

tinguish dynamic and static regions within frame features.

Qualitative comparisons. The qualitative results on

Consistent4D dataset are presented in Fig. 5. Besides, the

results on Objaverse dataset are shown in Fig.6. Obviously,

whether in the example with a larger proportion of static re-

gions (the person in Fig. 5 and warrior in Fig.6) or the exam-
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ple with a balanced proportion of dynamic and static regions

(guppie in Fig. 5), the results, generated by Consistent4D,

Dreamgaussian4D, STAG4D and SC4D, have different de-

grees of blurriness in the details, especially in the areas with

motion trends in the current and subsequent frames. Al-

though 4Diffusion and L4GM generate videos with clearer

textures than other previous methods with the help of a large

amount of 4D data prior, it is easy to generate the abnor-

mal shape or textures with inconsistent details in some ar-

eas (e.g, the back of the person). These methods do not

differentiate between dynamic and static information, lead-

ing them to easily overlook information in dynamic regions

when faced with large proportions of static. In contrast, our

methods address the challenges arising from varying pro-

portions of dynamic and static regions in frames, resulting

in the achievement of high-quality 4D generation.

Figure 6. Qualitative comparison on video-to-4D generation based

on Objaverse dataset.

4.3. Ablation Experiments

To evaluate the effectiveness of different components in our

methods, we conduct ablation experiments on Consistent4D

and Objaverse datasets as shown in Tab.2. More analysis

can be found in supplementary material.

Effect of DSFD and Decoupling. Validating the effect

of DSFD also means Validating the effect of decoupling

since DSFD consists of decoupling. Therefore, we conduct

experiments in two aspects: a) Adding frame features in the

model without decoupling (labeled as D). b) Performing de-

coupling on frame features in the model (labeled as E, also

termed DSFD). In particular, the performance of D and E

both have significant improvement compared to A and B,

especially FVD score. For D, the frame features provide

enough structure prior knowledge and texture information

for Deformation MLP. It assists Deformation MLP in cap-

turing shape deformation. Nevertheless, D fails to differen-

tiate between dynamic and static regions of frames clearly.

Consequently, D is prone to overfitting in static areas, re-

sulting in blurry details. For example, the blurred details of

legs from D in Fig.7. In contrast, DSFD, which decouples

dynamic-static features, mitigates the issue.

Effect of TSSF. To validate the effect of TSSF, we add

Figure 7. Ablation on different experiment settings from Tab.2.

(a).

(b).

Figure 8. (a) Visualization on the heatmap of dynamic features in

DSFD. The red region highlights the primary region of interest in

dynamic features. (b) The score map of point features in TSSF-GA

and TSSF-DA. The red area indicates high attention to dynamic

information in point features of a specific view.

the TSSF based on model E, including model F, G (TSSF-

GA) and H (TSSF-DA). Among them, we replace adaptive

fusion with average pooling in model F. Specifically, we

observe that E, G, H can generate more texture details than

other models. Because they mitigate the problem brought

by spatial occlusion by aggregating dynamic components

from different viewpoints. However, F only averages the

point features from DSFD along spatial axes, which ignores

merging similar dynamic information. The model G and F

adaptively select dynamic information, which plays a cru-

cial role in enhancing dynamic representations. Compared

with E, the texture of 4D content generated by F and H

is more refined in Fig.7. This underscores the efficacy of

merging similar dynamic information in TSSF, including

TSSF-GA and TSSF-DA.

4.4. Visualization

In this section, we perform several visualizations of features

in DSFD and TSSF, respectively.

DSFD. Fig.8 (a) presents the heatmap of dynamic fea-

tures obtained by DSFD decoupling features from the cur-

rent and reference frame features. The red area indicates the

primary region of interest in the features. We observe the

motion trends come from the trunk and body of elephant in

the front view (left of the figure). Thus, dynamic features

show strong concern in this area. Limited to the viewpoint

range, the motion trajectory for novel views (right of the

figure) is more interested in the elephant’s head. No doubt,

dynamic features also present a high response in similar ar-

eas. In conclusion, our method acquires accurate dynamic

features using DSFD, as supported by the visualizations.
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Methods Point Initialization
Consistent4D dataset Objaverse dataset

CLIP ↑ LPIPS ↓ FVD ↓ FID-VID ↓ CLIP ↑ LPIPS ↓ FVD ↓ FID-VID ↓

A % 0.9133 0.1341 953.6300 27.3747 0.8736 0.1816 1072.1292 28.2410

B ! 0.9151 0.1313 913.371 27.1357 0.8763 0.1801 1062.9398 28.0977

C. w/ LPIPS Loss ! 0.9163 0.1311 899.5714 27.0836 0.8773 0.1804 1016.2576 27.8062

D. w/ Frame Features ! 0.9174 0.1350 888.6579 26.8486 0.8805 0.1778 1005.7503 27.6334

E. w/ DSFD ! 0.9186 0.1333 861.6075 26.5403 0.8827 0.1765 989.0834 26.9199

F. w/ TSSF-Average Pooling ! 0.9194 0.1313 839.6600 26.5071 0.8848 0.1761 951.9127 26.8412

G. w/ TSSF-GA (Ours) ! 0.9206 0.1311 799.9367 26.1794 0.8868 0.1761 890.2646 26.6717

H. w/ TSSF-DA (Ours) ! 0.9225 0.1309 784.0235 24.0492 0.8881 0.1759 870.9489 25.3836

Table 2. The ablation experiments on Consistent4D dataset and Objaverse dataset. Each setup is based on a modification of the immediately

preceding setups. The best score is highlighted in bold.

Method PSNR ↑ SSIM ↑ D-SSIM ↓ LPIPS ↓
4D-GS [39] 32.1598 0.9483 0.0132 0.1422

Ours 32.3964 0.9494 0.0123 0.1434

Table 3. Evaluation of the performance on Neu3D’s dataset.

TSSF. Fig.8 (b) shows the score map of adaptively se-

lecting similarity dynamic information from point features

of different views by TSSF-GA and TSSF-DA. Specifically,

the leg movements of the triceratops indicate the primary

trend in motion between the middle and current time. The

red area indicates the high attention to dynamic information

in point features of a specific view. Meanwhile, this area is

also similar to the dynamic area of other views in Fig.8 (b).

Hence, it reveals that the two approaches can capture a cer-

tain degree of similar dynamic information from different

viewpoints. However, TSSF-GA is interested in the back

of triceratops rather than legs since the front legs are nearly

invisible in the novel view v2. The unseen dynamic region

in the novel view influences the accuracy of selecting sim-

ilar dynamic information. In contrast, TSSF-DA predicts

highest scores on the legs under view v1 and v2, thanks to

reducing the impact of novel views in TSSF-DA. It indi-

cates TSSF-DA can alleviate issues caused by the fact that

dynamic regions are noticeably obscured in novel views.

5. Discussion on Real-World Scenario

Generating a dynamic scene from input real-world videos

is an essential task. In this section, we conduct experiments

on three scenes from Neu3D’s dataset to demonstrate the

effectiveness of DSFD and TSSF on complexity real-world

dynamic scene. We set 4D-GS [39] as the baseline, which

has shown promising results in this task. To fair compar-

ison, we directly insert our DSFD and TSSF into 4D-GS.

More details can be found in supplementary material.

The results are shown in Tab.3 and Fig.9. Our method

achieves competitive results, demonstrating significant po-

tential even for intricate real-world scenarios. Due to static

nature of a significant portion of the real-world scene, the

previous method easily encounters challenges in exploring

Timeline
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Figure 9. Visualization of flame steak compared with 4D-GS.

dynamic regions, consequently impacting the quality of out-

puts. Hence, it is necessary to decompose dynamic and

static regions to mitigate this issue. In essence, significant

differences exhibit texture variations and motion trends be-

tween frames. Thus it is beneficial to utilize this nature to

decouple dynamic-static information at feature-level, which

enables us to enhance fine-grained dynamic representations.

Indeed, there are additional methods available to decouple

effectively. For instance, we can introduce optical flow and

utilize 3D-aware foundation model [44, 47] to extract depth

features used to decouple.

6. Conclusion

In this paper, we propose a novel framework DS4D, which

decouples dynamic-static information along temporal-

spatial axes to enhance dynamic representations for high-

quality 4D generation. Its DSFD decouples features by re-

garding the regions of current features that possess signifi-

cant differences relative to reference frame features as dy-

namic features. Moreover, TSSF is designed to enhance

dynamic representations by selecting similar dynamic in-

formation. Overall, our method can produce high-quality

4D content and shows promise in 4D scene generation.
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