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Abstract. Recent progress in pre-trained diffusion models and 3D gen-
eration have spurred interest in 4D content creation. However, achieving
high-fidelity 4D generation with spatial-temporal consistency remains a
challenge. In this work, we propose STAG4D, a novel framework that
combines pre-trained diffusion models with dynamic 3D Gaussian splat-
ting for high-fidelity 4D generation. Drawing inspiration from 3D genera-
tion techniques, we utilize a multi-view diffusion model to initialize multi-
view images anchoring on the input video frames, where the video can be
either real-world captured or generated by a video diffusion model. To
ensure the temporal consistency of the multi-view sequence initialization,
we introduce a simple yet effective fusion strategy to leverage the first
frame as a temporal anchor in the self-attention computation. With the
almost consistent multi-view sequences , we then apply the score distilla-
tion sampling to optimize the 4D Gaussian point cloud. The 4D Gaussian
spatting is specially crafted for the generation task, where an adaptive
densification strategy is proposed to mitigate the unstable Gaussian gra-
dient for robust optimization. Notably, the proposed pipeline does not
require any pre-training or fine-tuning of diffusion networks, offering a
more accessible and practical solution for the 4D generation task. Ex-
tensive experiments demonstrate that our method outperforms prior 4D
generation works in rendering quality, spatial-temporal consistency, and
generation robustness, setting a new state-of-the-art for 4D generation
from diverse inputs, including text, image, and video.
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1 Introduction

Recent advancements in large-scale pre-trained diffusion models have shown re-
markable progress in producing high-quality and diverse visual content, including
images, videos, and 3D asserts [5,13,16,22,24,27,31,38|. The progress naturally
extends to the realm of dynamic 3D generation [1,6,12, 28,32, 36,39,40]. This
endeavor has gained prominence in computer vision and generative Al research,
as high-quality 4D content generation is key to a broad range of applications
such as autonomous driving simulation, game and film industries, digital Avatar
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Fig. 1: Visualization of the generated 4D asserts. Our approach can generate diverse
4D content from various inputs, including text, image, and video.

creation, and spatial video production. However, previous 4D generation meth-
ods face challenges including blurry rendering, spatial-temporal inconsistency,
and slow generation speed. Generating high-quality 4D content efficiently and
practically remains a significant challenge.

Given the promising strides in 3D generation from pre-trained diffusion mod-
els, there has been a concerted focus on generalized dynamic 3D generation from
text or uncalibrated monocular video [1,6,12,28,32,40]. MAV3D [28] is the pi-
oneering work of text-to-4D generation which creates 4D scenes from textual
descriptions through Score Distillation Sampling (SDS) from a video diffusion
model. Alternatively, Consistent4D [6] takes a video as input, and focuses on the
task of video-to-4D generation. The pipeline is more flexible in that it can take
advantage of high-quality input videos, dividing the difficult problem of realistic
4D content creation into a practical pipeline of text-to-video and video-to-4D
generation. However, current video-to-4D generation methods still struggle to
generate high-fidelity 4D asserts with spatial and temporal rendering consis-
tency. Meanwhile, the commonly used Neural Radiance Field(NeRF) represen-
tation would suffer from an over-saturated appearance and a long optimization
time.

In this paper, we address two important factors in 4D content creation: a suit-
able 4D representation and spatial-temporal consistency imposed during pseudo-
projection generation (i.e., multi-view video generation). Our approach employs
a 4D Gaussian splatting approach specially tailored for the generation task. In
the generation process, we first generate the multi-view images at all times-
tamps of the 4D scene. To enforce the 4D consistency of the multi-view video
initialization, we design a direct fusion approach for attention computation in
both spatial and temporal domains. This approach implicitly addresses texture
degradation and geometric misalignment, thereby avoiding the need for adding
an explicit multi-view or temporal consistency loss during the Score Distillation
Sampling(SDS) [22] optimization. Then, the reference photometric loss and the
SDS loss conditioned on the initial multi-view video are applied for 4D Gaussian
point cloud optimization. To tackle the instability in optimizing the 4D Gaussian
points, we introduce an adaptive densification strategy that is informed by the
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Gaussian gradient distribution. This approach yields high-quality and robust 4D
scene generation from a monocular video input.

We have conducted comprehensive experiments to demonstrate the effec-
tiveness of each component of the proposed method. Our approach achieves a
2x faster generation speed compared with the previous video-to-4D approaches
(e.g., [6]) and a significantly better generation quality than prior state-of-the-art
methods. It is also noteworthy that the 4D content generated by our method can
be rendered in real-time, opening up a wide range of possibilities for practical
applications. In summary, our primary contributions are as follows:

— We introduce a holistic 4D generation pipeline that streamlines the gen-
eration process into sequential stages: video generation, multi-view video
initialization, and 4D optimization using multi-view video conditioned SDS.

— We harness the dynamic 3D Gaussian representation for 4D generation, com-
plemented by an adaptive densification strategy. This combination enables
highly precise and efficient 4D generation from monocular video inputs.

— We present a novel training-free attention fusion module to effectively inte-
grate temporal anchor frames into the multi-view diffusion process, signifi-
cantly enhancing the 4D consistency of the generated multi-view videos.

— Our method outperforms previous approaches in optimization efficiency, ren-
dering quality, and 4D consistency, establishing a new benchmark for 4D
generation across various input types, such as text, images, and videos.

2 Related work

2.1 3D Generation

Dreamfusion [22] first proposes the SDS loss [22, 30| for NeRF optimization,
which stands for the most prevalent technique for nowadays text-to-3D ap-
proaches. To mitigate the multi-view Janus problem, Zero123 [13] and Sycn-
Dreammer [14] fine-tune 2D diffusion models to grant the image generator with
the ability of viewpoint control, while later works [15,17,26,27] explicitly gen-
erate fixed multi-view images in one diffusion pass. Building upon the success
of multi-view diffusion methods, we integrate a multi-view generation module
into the 4D generation task, with meticulous handling of 4D spatial-temporal
consistency for enhanced 4D generation quality.

Except for equipping diffusion models with multi-view or depth awareness,
another direction of progress focuses on 3D representations. Following the idea of
differentiable optimization, Magic3D [10] applies a two-stage generation pipeline
and changes the 3D representation to instant-NGP [20] and DMTet [25], achiev-
ing faster runtime and better generation quality. Direct2.5 [17] applies an explicit
mesh representation and uses differentiable rasterization for fast mesh optimiza-
tion. Recently, with the newly developed 3DGS, DreamGaussian [29]| demon-
strates the ability to generate 3D objects within several minutes by substituting
NeRF with the 3D Gaussian representation, showing the potential of using an
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explicit point-based representation in 3D generation tasks. In this work, we in-
troduce a novel 4D Gaussian representation and a specially tailored optimization
scheme for the 4D generation task.

2.2 4D Reconstruction

Dynamic 3D reconstruction is yet another heated research topic in the field of
computer vision and graphics. By extending the static NeRF [19] framework
to dynamic scenes, dynamic NeRFs [3,4, 9, 34] have demonstrated remarkable
progress on dynamic 3D reconstruction. However, limited by the implicit neu-
ral representation and the complex nature of dynamic 3D information, dynamic
NeRFs still suffer from slow optimization speed and low reconstruction qual-
ity. With the development of 3DGS [7], researchers have quickly extended the
3D Gaussian to dynamic scene representation, which achieves faster training
and rendering speeds compared to D-NeRFs based on implicit neural represen-
tations. Dynamic 3D Gaussian [18] applies the per-frame 3DGS optimization
for 4D scene reconstruction. Some studies [33,35] attempt to amalgamate the
explicit point-based 3DGS with an implicit neural field for dynamic informa-
tion modeling, while Gaussian-Flow [11] introduces an explicit per-point motion
model to represent a 4D scene without using implicit neural networks. It is
noteworthy that it is non-trivial to extend the Gaussian reconstruction to 4D
reconstruction as each reconstruction pipeline requires heuristic tuning of hyper-
parameters at each stage. In this paper, we target combining the 4DGS for the
challenging task of 4D generation.

2.3 4D Generation

Recent developments in 3D content generation and video diffusion technologies
have triggered researchers’ interest in exploring 4D content generation from var-
ious input conditionings. MAV3D [28] presents the early attempt at text-to-4D
generation. By utilizing score distillation sampling derived from video diffusion
models, MAV3D optimizes a dynamic NeRF based on textual prompts. In a par-
allel vein, Consistent4D [6] has introduced the task of video-to-4D. This method
capitalizes on the pre-trained knowledge from image diffusion models to optimize
dynamic NeRFs via SDS optimization, showcasing the potential of high-quality
4D content generation from pre-trained 2D diffusion models. Concurrently with
our work, 4DGen [36] has introduced a framework for generating dynamic 3D
models, which employs spatial-temporal pseudo labels on keyframes within a
multi-view diffusion model. However, the overall quality of its generation can
be further improved, as its rendering fidelity is limited by the implicit neural
representation and inadequate spatial-temporal information exchange exists in
the diffusion generation process. In contrast, our method applies an efficient
4D Gaussian representation with spatial-temporal attention from reference- and
the first-frame anchors, achieving substantially better generation results than
previous works.
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Fig. 2: Overall pipeline. Given a video input, we apply a multi-view diffusion model
to produce coherent multi-view sequences, which serve as spatial and temporal anchors.
Next, we train a deformable 3D Gaussian using multi-view SDS loss and reference loss.
For a text-to-4D generation, our pipeline can be naturally extended to accept the text
input by integrating with an off-the-shelf text-to-video module.

3 Method

The framework of the proposed approach, as depicted in Figure 2, outlines the
generation and optimization process of a dynamic scene from a given video input.
Also, our approach can be easily extended to a text-to-4D generation pipeline
by utilizing an off-the-shelf video generation module. Section 3.1 presents the 4D
representation used in the proposed method, along with an adaptive densification
strategy that adjusts the densification threshold based on the relative motion
gradient of the scene points. Subsequently, Section 3.2 provides a brief overview
of the multi-view diffusion model used in the pipeline and introduces a novel
spatial-temporal attention fusion mechanism designed to produce the almost
consistent multi-view image sequences. Finally, as detailed in Section 3.3, the
generated multi-view sequences are leveraged with spatial and temporal anchor
frames for consistent 4D generation with the SDS optimization.

3.1 4D Representation

4D Gaussian Splatting The concept of 3D Gaussian Splatting was initially
introduced in the work of [7], where an explicit point-based representation is
used to model the 3D scene. Specifically, the 3D Gaussian point cloud, denoted
as S for a static scene, is characterized by the tuple:

S =1[X,s,r,0,(, (1)

where X = (z,y, z) denotes the positions of the 3D Gaussian points, and s, r, o
and ( represent the scale, rotation, opacity, and spherical harmonics (SH) coeffi-
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cients of the radiance, respectively. In 3D reconstruction, the 3D Gaussian point
cloud will be optimized through a point-based differentiable volume rendering.
This representation can be naturally extended to 4D scenes by presenting the
continuous scene dynamics as a 3D motion field. Inspired by [33], we present a
4D scene as a 3D Gaussian point cloud with a hex-plane-based deformation field,
denoted as F(S,t). The 3D Gaussian point cloud at time ¢ can be expressed as:

f(Svt) = [XuSt,Tt’U, dv (2)

where Xy = (x4, ¢, 2¢), s+ and r; represent the updated information of Gaussian
position, scale, and rotation at time t.

Adaptive Densification The standard 3D Gaussian Splatting technique typi-
cally employs a point cloud densification control strategy to dynamically adjust
the number of Gaussians and their density within a unit volume. This adap-
tive approach allows for the transition from an initial sparse Gaussian set to a
denser configuration to better represent the 3D scene. The 4D Gaussian Splatting
method introduced in the work [33] utilizes a densification strategy similar to
that presented in vanilla 3DGS [7], which involves the use of a fixed densification
threshold based on the view-space position gradient. However, while the fixed
gradient threshold strategy demonstrates efficacy in the context of reconstruc-
tion, particularly when multiple views afford robust and redundant coverage of
the target scene, it performs sub-optimally in the generative setting. This limita-
tion arises from the constraints imposed by the input single image or monocular
videos, leading to significant uncertainty in the spatial and scale dimensions for
each training object. This will lead to different optimal thresholds for different
cases, as illustrated in the ablation study.

To address the issue, we propose an adaptive threshold approach, wherein
only candidates with relatively large gradients are selected for densification. Our
approach is based on the statistical analysis of the accumulated gradient of each
point, which follows a log distribution of similar shapes throughout the train-
ing process. We apply an adaptive threshold that filters out Gaussians with
a relatively small gradient and only densifies those with a large gradient. The
adaptive threshold is set to select a fixed percentage (top A%) of points with the
highest gradient in each densification operation. This ensures that the threshold
adapts to the distribution of the gradient and maintains a stable relative posi-
tion. Experimental results demonstrate that the proposed simple strategy can
significantly enhance the quality and robustness of the 4D generation.

3.2 Temporal and Multi-view Consistent Diffusion

Multi-view Consistent Diffusion Our pipeline adopts Score Distillation
Sampling(SDS) [22] from image diffusion models for the optimization of dynamic
Gaussian. Specifically. Image-to-image diffusion model Zero123 [13] is utilized
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and the SDS loss gradient could be formulated as follows:

ox

VoLsps(¢,x) =By |w(t)(ég(ze; Lin, R, T, 1) — 6)% ; 3)

2=z —0ée(z; Lin, R, T).

where 6 represents the parameters of the 3D representation, x the rendered
image at the current view, ¢ the timestamp in the diffusion process, € the ground
truth noise, € the predicted noise from the noisy image z; conditioned on an
initial input I;,, and the relative camera pose between input view and target
view (R, T). Zerol123 can generate the target view image at any relative camera
location but only one target view at a time, thus good at optimizing the 3D object
from all views whilst bad at generating spatially consistent images from multiple
target views. In contrast, Zerol23-++ [26] leverages reference attention [37] to
model the relationship of the images from multiple target views as well as the
input view, resulting in multi-view consistency output yet at the cost of fixed
target camera locations. We combine the advantages of both models by taking
the multi-view consistent output of Zero123+-+ as the input images of Zerol23
when calculating SDS loss.

Temporally Consistent Diffusion Following the view generation philosophy
of multi-view diffusion based 3D generation, a practical solution to 4D content
creation is to generate the multi-view videos of the 4D scene, and then apply the
multi-view video conditioned SDS loss to optimize the scene. However, it is rather
difficult to generate temporally consistent multi-view videos by the separate
per-frame generation. Inspired by zero-shot video generation method [8], we
propose a training-free temporal attention module to enable Zerol123++ [26]
with temporal-awareness.

In our design, we obtain the attention information during denoising the mul-
tiview images of the first frame. Then we apply the recorded attention to the
later denoising process. Specifically, during the denoising process of the latent
code, the self-attention layer computes three essential components—queries (Q),
keys (K), and values (V'), which is formulated as:

QK"
Sel f-Attn(Q, K, V) = Softmazx(
\/E
We first compute the key Ky and value V{ for the initial frame, Tj. Subsequently,
for each subsequent frame T3, where ¢ € {1,..., N}, we perform a mixing oper-
ation on the key K; and value V; with the initial key Ky and value V|, derived
from the first frame Tj. This process can be formally represented as follows:

{Kt =vKo+ (1 —7)K;

V. (4)

5
Vi=9Vo+ (1 —7)Vy, (5)

where the parameter v serves as a weighting factor that governs the influence
of the initial frame, as illustrated in the ablation part. Additionally, we employ



8 Zeng et al.

pL]
Ref. _ 5
< Image Self-Attention Block " 3/)(111111 I

™ .
Noise K“

1t Frame 1t Multlwew

Temporal \ \ PR

1, 2 Blend
Gaussian ' @ ' == e
A -> [P P
Noise 2, Concat 14 : ‘ “J:J
L - N =i
N\

' ' 4

(O
Ref. F i
Image ~ 7 Self-Attention Block Spatial ;fi ng

it Frame i Multiview

Fig. 3: Illustration of the proposed spatial and temporal attention fusion during multi-
view sequence inference.

reference attention following the approach outlined in [26,37], to extract local
conditioning from the input image. In this reference attention mechanism, both
the key and the value are obtained through the concatenation of features from
the reference image and the noisy input image. Our design of temporal atten-
tion module is simple yet effective with superior temporal consistency, image
quality and 3D consistency to vanilla cross-frame attention proposed in (8], as
demonstrated in experiment section.

3.3 Training Objectives

Following the generation of multi-view sequences from a monocular reference
video, we can acquire 6 anchor views {IZ}ie{l_“G} and a reference view I;'ef at
each timestep t. In our optimization process, we employ multi-view score distil-
lation sampling (SDS) utilizing the generated images {I}};—1 ¢ in conjunction
with the reference images I °/ The multi-view score distillation loss function
Lyvsps can be defined as:

Larvsps = MLsps + )\252655

i ref (6)
= MLsps(,I}) + XaLsps(o, [;7),

where \; and Ay are two weighting factors, the index i is determined based
on the proximity of the rendering viewpoint to the viewpoint of the generated
images. This selection process, which we refer to as multi-view score distillation
sampling, involves choosing the nearest reference image to the rendered camera
view for calculating the SDS loss.

Following the approach [29], we utilize the reference image to compute both
the reconstruction loss L,.. and the foreground mask loss £, 4s%- Thus, the final
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optimization objective is:
L :EMVSDS + >\3£7'ec + )\4[-:mask; (7>

where A3 and A4 are the weighting parameters . During training, we first use £
to supervise a fixed frame to get static canonical 3D Gaussian. Then we use all
anchors and reference images to train the dynamic 4D Gaussian point cloud.

3.4 Text-to-4D Extension

Our method is designed to be readily adaptable to text and image inputs, offer-
ing novel capabilities such as directly generating video sequences from textual
descriptions or static images. We initiate this process using a 2D diffusion model
SDXL [21], which generates the image from textual input. This 2D output is then
transformed into a video sequence via a video diffusion model, such as SVD [2],
adding temporal coherence and motion to the static image. Finally, the afore-
mentioned pipeline further lifts the video sequence to a 4D scene, introducing an
extra spatial dimension that creates immersive experiences beyond conventional
2D or 3D media. The generation pipeline with the given text, image, and video
inputs is visualized in Fig. 2.

4 Experiment

4.1 Experiment Setup

Dataset For the video-to-4D task, we utilize the dataset provided by Consis-
tentdD [6] for quantitative evaluation, which comprises multi-view videos de-
picting 7 dynamic objects. Additionally, for qualitative evaluation, we curate a
set of challenging videos from online sources to assess the robustness and gen-
eralization capabilities of each method. For text/image-to-4D tasks, we follow
the data settings in 4Dfy [1] and DreamGaussiandD [23] to create the corre-
sponding results. Notably, we use the same input image and input video with
DreamGaussian4D for a fair comparison.

Evaluation metrics We employ CLIP, LPIPS, and FVD for Video-to-4D eval-
uation as in the previous approach [6]. Specifically, CLIP and LPIPS serve as
image-level metrics, assessing the semantic similarity between rendered images
and ground truths; FVD is a video-level metric commonly used in video genera-
tion tasks, considering not only single-frame quality but also temporal coherence;
we also consider the FID-VID metric to measure the temporal consistency. As
4D-Gen [36] does not support a 30-frame setting we report its FVD under a 16-
frame reconstruction, namely FVD-16 as an additional metrics. For text-to-4D
generation, we follow previous works and provide a user study for quantitative
comparisons between different methods. We also provide a user study for video-
to-4D and both studies are detailed in the supplementary material.
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Fig. 4: Qualitative comparison on video-to-4D generation. Our method achieves
better faithfulness to the input video with higher quality on the overall reconstruction.

Baselines For video-to-4D generation, we compare our method with two base-
lines: Consistent4D [6] and the concurrent work 4DGen [36]. We utilize the offi-
cial code released by the authors to generate comparison results. For text&image-
to-4D generation, we make comparisons with two state-of-art models that are
open-sourced: 4Dfy [1] and DreamGaussiandD [23]. Their results are generated
using codes from their official GitHub repository.

4.2 Implementation Details

In the training of the video-to-4D generative model, we adopt a two-stage ap-
proach. Initially, the model is initialized in canonical space and trained for 1000
steps. Subsequently, the deformation fields are learned over 7000 additional steps
to accurately capture the dynamic scene. For the deformation process, we employ
multi-layer perceptrons (MLPs) with 64 hidden layers and 32 hidden features
per layer. The initial learning rate for the deformation MLPs is set to 1.6 x 10~4
and is decayed to 1.6 x 10~¢ by the end of the training. In the context of adaptive
densification, we opt to densify the top 2.5% of points with the most accumu-
lated gradient. In the generative phase, we ultilize the spatial-temporal consistent
videos for the multiview score distillation sampling optimization. Empirically, we
set A to 0.5 for our temporally consistent diffusion. Regarding the loss functions,
we maintain the SDS loss weight at 1 and adjust the weights of other losses
accordingly. Specifically, the reconstruction loss is assigned to 4 x 10*, the mask
loss is weighted at 1 x 10*. The training process requires approximately 1 hour
on an RTX 3090 GPU, and the rendering process can be performed at 150 FPS
in real time. For Text&Image-to-4D, we use SDXL [21] for image generation, and
apply SVD [2] to the generated image to create a corresponding video. Then we
use the same setting as Video-to-4D to transfer the video into 4D content.
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Fig. 5: Qualitative comparison on text-to-4D generation. Our method achieves
the best results on the text alignment and visual quality.

4.3 Comparison with State-of-the-art Approaches

In this section, we conduct a comprehensive comparison with the aforementioned
baselines using synthetic and in-the-wild data. The superior performance demon-
strated in both quantitative and qualitative evaluations serves to substantiate
the effectiveness and robustness of our proposed method.

Quantitative Results on Video-to-4D The experimental results presented in
Table 1 offer a comparative analysis of our method against state-of-the-art tech-
niques, namely Consistent4dD and 4DGen, across several metrics. Our method
outperforms Consistent4D and 4DGen in CLIP, showing better semantic consis-
tency with the target content. It also achieves the lowest LPIPS score, meaning
it generates more realistic images than the others. For the video quality and
smoothness, our method beats 4DGen in FID-VID and FVD-16, and Consis-
tent4D in FVD, implying that our videos are closer to real videos and have less
temporal artifacts. Overall, the numbers confirm that our method is superior
in generating semantically aligned and perceptually convincing videos with high
fidelity and coherence.

Qualitative Comparison on Video-to-4D In our investigation of the video-
to-4D task, we have employed various methodologies to conduct qualitative com-
parisons. Figure 4 shows the rendered outcomes at distinct temporal intervals
and perspectives. A critical observation of our findings reveals that Gaussian
splatting is inadequate in producing credible and temporally consistent images
during per-frame reconstruction. Furthermore, we have observed that Consis-
tent4D often produces over-saturated and unrealistic patterns, which may stem
from the over-restrictive geometry representation in their cascade Dynerf. Ad-
ditionally, our analysis indicates that 4DGen struggles to generate reasonable
motion for the Gaussians, leading to its points lacking deformation over time.
Moreover, 4DGen fails to generate detailed textures for the surface, which appear



12 Zeng et al.

Timeline w./o w0
o . Ours

> Camera Reference .
Spatial ~ Temporal

@>

Reference
»
_

w./o
Temporal
Attention

e
<8
20
.
3
>§

Fig. 6: Ablation on spatial and temporal attention. We evaluate the effect of
spatial and temporal attention on the reconstruction results.

to be over-smoothed in some cases. Conversely, our methodology demonstrates
substantial enhancements in comparison to existing strategies, particularly in
aspects of reconstruction fidelity and stability. Notably, our technique facilitates
seamless color transitions, as exemplified in the Fish case, and renders a con-
vincing low-poly effect, as demonstrated in the Trump case, underscoring our
method’s adaptability to diverse dynamic environments.

Qualitative Comparison on Text-to-4D We also evaluate our method on
the Text&Image-to-4D task, which aims to generate 4D content from text and
image inputs. Figure 5 shows the 4D generation results of our method and two
baselines, 4Dfy [1] and DreamGaussian4D [23], under different views. As can be
seen, 4Dfy [1] produces coarse results and fails to capture the complex semantics
of the text input, e.g. in the Cat case. DreamGaussian4D [23] generates meshes
with fine-grained details in the front view, but suffers from severe artifacts and
distortions in the side view or back view. In contrast, our method synthesizes
Gaussians with smooth and consistent geometry and realistic texture across
different views, thanks to our attention mechanism that leverages spatial and
temporal information. Our method demonstrates its superiority and versatility
on the Text&Image-to-4D task, which can be seen as a direct application of our
Video-to-4D framework.

Table 1: Comparison with state-of-the-art methods.

CLIP 4 LPIPS | FID-VID | FVD | FVD-16 |
ConsistentdD 0.877  0.134 / 113393/
4DGen 0.894 0130  71.99 / 1005.72
Ours 0.909 0.126  52.58 992.21 952.41
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4.4 Ablation Study

The experimental analysis presented in Table 2 provides a comprehensive eval-
uation of the impact of various components on the performance of a diffusion
model with a 4D representation. The components under consideration include
baseline diffusion, spatial anchor, spatial-temporal anchor, and adaptive densi-
fication. In the first configuration of Table 2, we regard the model utilizing the
diffusion process [13] with adaptive densification as the baseline.

Table 2: Ablation study on effectiveness of each Table 3: Ablation study on differ-

novel component. ent attention mechanisms.
Diffusion Model 4D Gaussian Evaluation Metrics Evaluation Metrics

Baseline Spat. Temp. Adaptive Dens.|CLIP 1 LPIPS | FID-VID | FVD | CLIP 1 LPIPS | FID-VID | FVD |
v v 0.895  0.135 77.88  1369.65  Spat.only  0.899  0.130 67.04  1198.23
v v v 0.899 0.130  67.04 119823  Cross-Frame 0.901  0.129 63.32  1053.25
v v oY 0.890  0.136  90.30  1453.53  gpat _Temp. 0.909 0.126  52.58 992.21
v v v v 0.909 0.126 52.58 992.21

Spatial and Temporal Anchors Table 2 shows that adding the spatial anchor
to the baseline model leads to a marginal improvement in all metrics, especially
FID-VID and FVD. The final model, which uses both spatial-temporal anchor
and adaptive densification, improves all metrics significantly. It has the best
CLIP, LPIPS, FID-VID, and FVD scores, meaning it generates the most seman-
tically consistent, realistic, and smooth videos.

Figure 6 shows the importance of our spatial-temporal anchor for improving

the 4D content quality. The baseline 4D Gaussian method, labeled as “w./o.
spatial,” fails to deform the point clouds properly, leading to unreasonable shapes
without spatial-temporal constraints. A model that uses only the spatial anchor,
“w./o. temporal,” struggles to deform solid shapes, as seen in the rabbit’s leg
and the frog’s back. Our method, which combines both spatial and temporal
anchors, overcomes these issues and produces visually consistent and accurate
4D content.
Adaptive Densification We present the statistical analysis of the adaptive
densification module in the third and final configurations of Table 2. The re-
sults show that the adaptive densification module improves the overall quality
of the generative model, especially in terms of the FID-VID and FVD met-
rics. We also compare the proposed adaptive densification with a fixed threshold
approach in Figure 7b. We observe that a fixed threshold can lead to either
under-densification or over-densification, depending on the case. For example,
in the Bird case, the fixed threshold is too low for densification, which results
in excessive Gaussian points. On the other hand, in the Duck case, the fixed
threshold is too high for densification, which causes the foot to be blurry due to
insufficient Gaussian points. Our method overcomes this limitation by adapting
the gradient threshold to different cases, thus producing robust and stable 4D
Gaussian results.
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Different Attention Mechanisms In our study, we evaluated three dis-
tinct attention mechanisms within the context of images generated by our diffu-
sion model: spatial attention, cross-frame attention, and spatial-temporal atten-
tion. The visual outcomes of these varied approaches are illustrated in Figure 7a.
We employed a parameter A to modulate the extent of spatial and temporal
attention exerted, as delineated in Equation 5. Our findings indicate that exclu-
sive reliance on spatial attention does not guarantee consistency across sequen-
tial frames. While cross-frame attention enhances frame-to-frame coherence, it
fails to achieve a satisfactory alignment with reference images. Conversely, the
integration of spatial-temporal attention ensures consistency across both dimen-
sions. We quantitatively assessed the quality of images generated under different
attention regimes using four established metrics: CLIP, LPIPS, FID-VID, and
FVD. The comparative results are tabulated in Table 3. It was observed that
images generated with spatial-temporal attention outperformed others across all
evaluation metrics, which underscores the efficacy of our proposed mechanism.

5 Conclusion

The paper presents a novel approach for dynamic 3D content generation from
monocular videos, addressing the challenges of 4D representation and spatial-
temporal consistency. By leveraging specially tailored 4D Gaussian splatting and
a novel information fusion module, the proposed method achieves high-quality
and robust 4D scene generation. Comprehensive experiments demonstrate the
method’s effectiveness, showcasing a faster generation speed and significant im-
provements in rendering quality and temporal consistency compared to prior
state-of-the-art methods. Overall, the proposed method sets a new benchmark
for training speed, rendering quality, and 4D consistency in dynamic 3D con-
tent generation from monocular videos, opening up possibilities for real-world
applications.
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