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Figure 1: 4Diffusion generates spatial-temporally consistent 4D contents from monocular videos.

Abstract

Current 4D generation methods have achieved noteworthy efficacy with the aid
of advanced diffusion generative models. However, these methods lack multi-
view spatial-temporal modeling and encounter challenges in integrating diverse
prior knowledge from multiple diffusion models, resulting in inconsistent temporal
appearance and flickers. In this paper, we propose a novel 4D generation pipeline,
namely 4Diffusion, aimed at generating spatial-temporally consistent 4D content
from a monocular video. We first design a unified diffusion model tailored for multi-
view video generation by incorporating a learnable motion module into a frozen 3D-
aware diffusion model to capture multi-view spatial-temporal correlations. After
training on a curated dataset, our diffusion model acquires reasonable temporal
consistency and inherently preserves the generalizability and spatial consistency
of the 3D-aware diffusion model. Subsequently, we propose 4D-aware Score
Distillation Sampling loss, which is based on our multi-view video diffusion
model, to optimize 4D representation parameterized by dynamic NeRF. This aims
to eliminate discrepancies arising from multiple diffusion models, allowing for
generating spatial-temporally consistent 4D content. Moreover, we devise an
anchor loss to enhance the appearance details and facilitate the learning of dynamic
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NeRF. Extensive qualitative and quantitative experiments demonstrate that our
method achieves superior performance compared to previous methods.

1 Introduction

In recent years, diffusion models have significantly impacted the era of image, video, and 3D
generation. With the support of large-scale text-to-image diffusion models [43, 1] and 3D-aware
diffusion models [44, 29, 52], many works [26, 39, 51, 9, 34, 41, 50, 30, 55, 27] leverage Score
Distillation Sampling (SDS) [38] to distill the prior knowledge from diffusion models to optimize a
3D shape parameterized by NeRF [35] or 3DGS [21]. Although they have attained faithful results,
they only focus on creating static 3D shapes, neglecting the dynamics of objects in the real world.

Generating 4D content, i.e., dynamic 3D content, holds diverse applications in the virtual realm,
including digital human, gaming, media, and AR/VR. The main challenge lies in creating 4D content
with vivid motion and high-quality spatial-temporal consistency. The pioneering study MAV3D [47]
introduces a two-stage method, which first learns a static 3D shape with a text-to-image diffusion
model and then deforms the static 3D shape with a text-to-video diffusion model [46]. However,
MAV3D encounters the Janus problem and generates 4D contents with poor appearance and motion
[4]. To overcome these issues, the following works [4, 66, 65, 28] employ multiple diffusion models
for distinct purposes. Specifically, these methods leverage 3D-aware diffusion models [44, 29] and
text-to-image diffusion models [43] to achieve spatial consistency and visually appealing appearance.
Akin to MAV3D, they utilize video diffusion models [2, 54, 46] to add motion to create 4D content.

The aforementioned methods utilize multiple diffusion models for 4D generation. As Fig. 2 illustrates,
when diffusing images rendered from a 3D model, the 3D-aware diffusion model [44] generates
multi-view images to address the spatial ambiguity. On the other hand, the 2D image diffusion
model [43] produces a clean image with subtle details to refine appearance. The 2D video diffusion
model [2] generates dynamic frames to ensure temporal consistency within the same viewpoint.
However, there is no accurate guidance to ensure multi-view spatial-temporal consistency due to the
lack of multi-view spatial-temporal modeling. Moreover, it is challenging to integrate diverse prior
knowledge from multiple diffusion models, often leading to inconsistent temporal appearance and
flickers as shown in the second row of Fig. 7.
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Figure 2: Challenges. The denoised images from Stable Diffusion (SD) [43], MVDream [44], and
ZeroScope [2]. These diffusion models can not provide multi-view spatial-temporal guidance and
exhibit discrepancies, making their integration challenging.

In this paper, we present a novel 4D generation pipeline, namely 4Diffusion, to create high-quality
spatial-temporally consistent 4D content from a monocular video. Specifically, we propose a unified
diffusion model, 4DM, to capture multi-view spatial-temporal correlations for multi-view video
generation. To achieve this, we construct 4DM based on the powerful pre-trained 3D-aware diffusion
model [52], which already ensures high-quality multi-view spatial consistency. We then seamlessly
integrate a motion module into the 3D-aware diffusion model to extend the temporal modeling
capability. Contrary to previous attempts [16, 14] that typically demand extensive large-scale
video datasets for tuning the motion module, 4DM achieves reasonable temporal consistency and



captures multi-view spatial-temporal correlations after training on only hundreds of multi-view videos.
Importantly, we keep the parameters of the 3D-aware diffusion model unchanged to preserve the
generalization ability and spatial consistency. 4DM provides multi-view spatial-temporal guidance
for 4D generation. Therefore, we propose 4D-aware SDS loss to distill prior knowledge from 4DM to
optimize 4D content parameterized by dynamic NeRF. This approach eliminates discrepancies arising
from multiple diffusion models and stabilizes the optimizing process. Moreover, we use 4DM to
generate anchor videos conditioned on the input monocular video and devise an anchor loss to enhance
the appearance details, facilitating the learning of dynamic NeRF. Finally, we generate 4D content
with high-quality spatial-temporal consistency and vibrant motion coherence with the input video
as shown in Fig. 1. Qualitative and quantitative experiments demonstrate that our method achieves
state-of-the-art performance on multi-view video generation and 4D generation from monocular
videos.

To summarize, our contributions are as follows: 1) We present 4Diffusion, a novel 4D generation
pipeline that generates high-quality spatial-temporal consistent 4D content from a monocular video
with a multi-view video diffusion model. 2) We propose a multi-view video diffusion model, 4DM,
which provides multi-view spatial-temporal guidance for 4D generation. It trains on only hundreds of
curated high-quality multi-view videos to capture multi-view spatial-temporal correlations. 3) We
combine 4D-aware SDS loss and an anchor loss based on 4DM to optimize dynamic NeRF, which
stabilizes the training process and allows for generating high-quality 4D content.

2 Related Work

Recent breakthroughs in multiple research domains have significantly accelerated progress in 4D
generation task. Here, we discuss the most relevant fields, including 3D generation, video and
3D-aware diffusion models, and 4D generation.

3D Generation. Recent studies in 3D generation can be classified into three categories: 3D generative
methods [53, 17, 45, 36, 60, 3, 58, 12], feed forward methods [18, 49, 23, 67], and diffusion prior-
based methods [26, 39, 51, 9, 34, 41, 50, 30, 55, 27]. Inspired by the advancements in 2D content
creation, 3D generative methods utilize the robust diffusion [53] or flow-based [60] backbone to
generate 3D data represented by Signed Distance Function (SDF) [60], voxel grid [36], triplane

[8, 17, 45], or weights of neural network [12]. However, these methods require time-consuming
pre-training to fit each 3D data and are limited to creating a single category. Feed forward methods
[18, 23] adopt image features extracted from the pre-trained visual encoder DINO [7] to reconstruct

3D representations through a highly scalable and efficient transformer-based decoder. Although they
can produce a 3D shape in a few seconds, they demand extensive training on large-scale 3D datasets,
which is impractical with limited 4D datasets for 4D generation. Furthermore, diffusion prior-based
methods distill prior knowledge from diffusion generative models via SDS [38] to optimize 3D
representations, enabling the generation of high-quality 3D shapes with strong generalizability. In
contrast to static 3D generation, our method focuses on creating 4D content.

Video and 3D-aware Diffusion Models. With the success of large-scale text-to-image diffusion
models [43, 1], recent works attempt to use diffusion models to generate more complex signals,
including video and 3D. AnimateDiff [16] inserts a learnable motion module into the frozen text-to-
image model for video generation, which preserves the efficacy of the text-to-image model while
successfully modeling temporal information. Recent 3D-aware diffusion model Zero-1-to-3 [29]
adopts a stable diffusion model conditioned on relative camera pose and a single image for novel view
synthesis. However, this method still suffers from the Janus problem and content drafting problem
[44] due to the lack of explicit 3D modeling. Approaches like [31, 44, 59, 32, 52] leverage 3D-aware
attention block to model the joint probability distribution of multi-view images, leading to spatially
consistent generation. However, these approaches are incapable of producing multi-view consistent
videos, due to the absence of temporal or spatial modeling.

4D Generation. Recently, several works have delved into 4D generation from various user-friendly
prompts, such as text [47, 4, 66, 28], a single image [65, 66], and a monocular video [42, 20, 62].
The pioneering study MAV3D [47] proposes a two-stage method to optimize 4D representation,
i.e., Hexplane [6], with both text-to-image and text-to-video diffusion models in a static-to-dynamic
manner. To generate 4D contents with realistic appearance, Dream-in-4D [66] and 4D-fy [4] combine
hybrid diffusion models. Specifically, they utilize 3D-aware and 2D diffusion guidance to learn a
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Figure 3: 4Diffusion overview. Our method first trains a unified diffusion, named 4DM, by inserting
a learnable motion module at the end of each frozen spatial module of ImageDream to capture multi-
view spatial-temporal correlations. Given a monocular video and text prompt, 4DM can produce
consistent multi-view videos. Then, we combine 4D-aware SDS and an anchor loss based on 4DM to
optimize 4D content parameterized by Dynamic NeRF.

static 3D representation and incorporate video diffusion guidance to add motion. However, these
diffusion models can not offer multi-view spatial-temporally consistent guidance and it is difficult to
integrate diverse prior knowledge from multiple diffusion models, resulting in suboptimal results.
In contrast to these approaches, we design a unified model to capture multi-view spatial-temporal
correlations for 4D generation.

Similar to us, [20, 42, 63, 62, 57] generate 4D content from a monocular video. Consistent4D [20]
introduces an interpolation-driven loss between two adjacent frames to enhance spatial-temporal
consistency. However, Consistent4D lacks temporal modeling cross frames. DreamGaussian4D [42],
4DGen [62], and SC4D [57] combine 4D Gaussian Splatting [56, 19] into 4D generation pipeline.
Although they notably reduce optimization time, they may result in blurred appearance and inaccurate
geometry due to the explicit characteristics of Gaussians. STAG4D [63] proposes a training-free
strategy to generate sparse anchor multi-view videos for 4D generation. In contrast, we propose a
multi-view video diffusion model to provide multi-view spatial-temporal consistency guidance for
4D generation.

3 Method

Given a monocular video V' = {I;|j = 1,2, ...,T'} with T frames and an optional textual caption, our
goal is to generate a high-quality spatial-temporally consistent 4D content, capable of rendering from
any novel viewpoint across the temporal dimension. In Sec. 3.1, we talk about 3D-aware diffusion
models, employed as the initialization of our unified diffusion model. In Sec. 3.2, we propose a
unified diffusion model 4DM to capture multi-view spatial-temporal correlations for multi-view video
generation. Subsequently, we elaborate on distilling prior knowledge from 4DM to optimize 4D
content parameterized by dynamic NeRF and devise an anchor loss to enhance the appearance details,
as detailed in Sec. 3.3. Fig. 3 shows the overall pipeline of our method.

3.1 Preliminary: 3D-aware Diffusion Models

3D-aware diffusion models learn spatial relationships from multi-view images for 3D generation and
can serve as an initialization of our unified diffusion model. Recent works [31, 59, 32] mainly focus
on generating multi-view images from predetermined sparse viewpoints and necessitate additional
algorithms for 3D reconstruction. Although we can extend these methods to generate multi-view
videos and employ 4D reconstruction algorithms, it is challenging to reconstruct high-quality 4D
content from a limited number of viewpoints. Therefore, we design our unified diffusion model to
generate multi-view videos from arbitrary viewpoints and choose ImageDream [52] as initialization.



Given four arbitrary orthogonal viewpoints under canonical coordination and a single image with an
optional textual caption, ImageDream can synthesize four multi-view images that align coherently
with the input. Specifically, ImageDream utilizes an adapter similar to IP-Adapter [61] to inject
image prompts and a 3D self-attention module to capture spatial relationships.

3.2 4DM: Multi-view Video Diffusion Model

To maintain the spatial consistency and mitigate training complexity, we design our multi-view video
diffusion model 4DM based on a pre-trained 3D-aware diffusion model (i.e., ImageDream [52]).
Given a monocular video with an optional text prompt and four orthogonal novel viewpoints under
canonical coordination, 4DM aims to generate four spatial-temporally consistent videos.

Although we can directly use the original ImageDream to generate a set of individual multi-view
images to form multi-view videos, the result lacks temporal consistency as ImageDream has no layer
for temporal modeling, as shown in Fig. 8. We thus add a zero-initialized motion module at the end of
each block of the UVIT network of ImageDream. Specifically, each motion module begins with group
normalization and a linear projection, followed by two self-attention blocks and one feed-forward
block. A final linear projection is then applied, after which the residual hidden feature is added back
at the end of each motion module as detailed in Fig. 4. Then, each attention block ¢ of 4DM includes
a spatial module and a motion module I?, . The spatial module comprises a 3D self-attention module
I* and a cross-attention module. We first concatenate the monocular video latent and four multi-view
video latents encoded by VAE [22] to obtain a batch B of latents Z € REXFXNXCXHXW ‘where C'
is the number of channels, H and W are spatial resolutions, N = 5 is the number of viewpoints, and
F is the number of frames. Subsequently, we reshape the temporal axis into the batch dimension and
independently process multi-view video latents through the 3D self-attention module,

Zs <— Reshape(Z, BF NCHW — (BF)N HW C), (1)
Zs +— 1L(Zs), 2
Z, «+— Reshape(Z,,(BF)NHW C - BF NC HW). 3)

Then, we use the adapter in ImageDream to individually process the input video frames and output
the video features to perform cross-attention operations. Here, we also reshape the temporal axis
into the batch dimension to prevent dimensional confusion. Furthermore, for the motion module, we
perform self-attention exclusively along the temporal axis by reshaping the spatial dimensions and
the viewpoint dimension into the batch dimension,

7' «— Reshape(Z, BFNCHW — (BN HW) F C), @)
7 1l (Z)), )
7' «— Reshape(Z',(BN HW)FC — BF N C HW). (6)

We utilize Objaverse dataset [1 1] to train 4DM. Although Objaverse provides nearly 44K animated
3D shapes, rendering multi-view videos and training a diffusion model are time- and computation-
consuming using the entire dataset. Moreover, it is worth noting that the Objaverse dataset contains
a significant amount of flawed data. Consequently, we manually select a curated subset of 926
high-quality animated 3D shapes from Objaverse dataset [ 1]. We render multi-view videos from
those animated 3D shapes to tune our motion module while holding the parameters of the origin
ImageDream frozen. Surprisingly, 4DM successfully learns reasonable temporal dynamics and
preserves the characteristics of the origin ImageDream model, including generalization ability, spatial
consistency, and image understanding ability, even when trained on a small curated dataset. As Fig. 8
illustrates, 4DM generates multi-view spatial-temporal consistent videos, surpassing the performance
of ImageDream. For more details on our dataset, please refer to supplementary material.

Training Objectives. For each animated 3D shape from our dataset, we render a monocular video V,,,
with a random viewpoint and four videos V,, with orthogonal viewpoints c?, , and select F' = 8 frames
from each video at a stride of 4 to create our multi-view video dataset X%, = {x?,,, ¥, X2, 2. }-
Here, x} and x; , represent the video clips from V,,, and V,. y is the text prompt captioned by
Cap3D [33]. Then, we use X%, following the diffusion loss to train 4DM,

Larv (0, Xmo) = Exyx, et [[l€ — €o(xP5y,x2, ¢, 1) ||3]
(Xmw, 0,0), with probability p (7)
(Xmw, X2, €2 ), with probability 1 — p

T 7mu

where, (x?, %2, cP) = {
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Figure 6: Illustration of directly optimizing on the generated multi-view videos.

here, x,,,, represent the noisy video latents derived from x,, . These latents are initially encoded by
VAE and subsequently noised by random noise € at a diffusion timestep ¢. For more details about
the noising process, please refer to [43]. €y is 4DM model parametrized by 6. During the training of
4DM, we ensure that our training data does not overlap with the test data used in our experiments.

3.3 4D Generation

Dynamic NeRF Representation. Recent methods [25, 13] use neural networks or explicit spatial
grids to map a 6D spatial-temporal coordinate (x, d, t) to density 7(x, t) € Ry and view-dependent
color ¢(z,d, t) € R of dynamic scenes, where z = o + £d (¢ > 0) are sampled points along a ray
originating at o with direction d and t denotes timestamp. Then, they leverage volumetric rendering
to render images,

C= Zwici7 where w; = e~ Z:J'<i7j(€f“*£j)(1 — e”(&‘“_é")). )

Following 4D-fy [13] and iNGP [37], we use one multi-resolution spatial grid P, and one spatial-
time planes P, ., as 4D representation. Here, both P, . and P, use hash tables to store learnable
features. Then, we acquire spatial-time features f through interpolation and hash lookup on P,
and P,... Finally, f are decoded into density and view-independent color using tiny MLPs,

Yv:f—7 ¢o:f—c &)

The entire set of trainable parameters is denoted as 64p. We can optimize our dynamic NeRF by
using the multi-view videos generated from 4DM, however, 4DM can only produce four orthogonal
viewpoints at one time. Training with such sparse views often results in overfitting to the training
viewpoints, as presented in Fig. 6. To mitigate this, we leverage 4D-aware SDS to optimize the
dynamic NeRF, enabling effective rendering from novel viewpoints across the temporal dimension,
which is crucial for 4D generation.



4D-aware SDS. Once 4DM is trained, we employ 4D-aware SDS loss to guide the optimization
of our 4D representation. To be concrete, we utilize Eqn. 8 to render four I’ frames video V,. with
timestamps t = {t1, ta, ..., tg } from four orthogonal viewpoints cy. Our 4D-aware SDS injects
Gaussian noise ¢ into V. at a diffusion timestep ¢ and passes to our multi-view video diffusion to
provide gradients to update 64p,

Al ] (10)

Vo, Lap-sps ~ ]E(cmv,t,at) {Z(V’ B V0)894D

where V), denotes the pseudo ground truth denoised from 4DM with the input video V' and viewpoints
cmv as condition. Here, we replace original e-based SDS loss with zg-reconstruction loss as in [44].

Anchor Loss. Accurately estimating the elevation and azimuth of input monocular video within the
canonical coordination is challenging, making it difficult to use the input video directly as supervision
signals. Therefore, we utilize 4DM to produce four orthogonal videos conditioned on the input video
and select the one with the viewpoint closest to that of the input video as the anchor video. This
approach ensures that the anchor video maintains the same quality as the input and improves the
results. Moreover, 4DM is currently limited to generating multi-view videos with 8 frames. When the
input video exceeds 8 frames, we must apply our multi-view video diffusion model multiple times
to generate anchor videos. However, this process may lead to temporally inconsistent results due to
the stochasticity of the diffusion model, particularly when the viewpoint is far from the input video
as shown in Fig. 5. This inconsistency would degrade the 4D generation performance. Finally, we
devise an anchor loss £, based on the anchor video to enhance the appearance details and facilitate
the learning of dynamic NeRF. Since it is challenging for 4DM to ensure pixel-to-pixel alignment of
the anchor video, we follow [10] to use image-level perceptual loss, i.e., LPIPS [64] and SSIM, for
dynamic NeRF optimization,

L, = MLPIPS(I,, I,) + A\D-SSIM(I,., 1), (11)

where I, and I, represent the rendered video and anchor video, A is the loss weight. Consequently,
our total loss function for 4D generation is,

»C4D = £4D—SDS + »Ca + )\3 »Corient + )\4£0pacity + )\S»CSparsea (12)

here Lorients Lopacity> and Lgparse are regularization loss in DreamFusion [38].

4 Experiments

Implementation Details. We implement 4DM under the Stable Diffusion framework and initialize
it from the checkpoint of ImageDream. We train 4DM with multi-view videos with 256x256
resolutions for 30,000 steps with a batch size of 32, using the AdamW optimizer with a learning
rate of le-4. The training takes about 2 days with 16 NVIDIA Tesla A100 GPUs. Additionally, for
4D generation experiments, we optimize dynamic NeRF representation in an end-to-end manner,
avoiding utilizing multiple stages as in previous works.

Baselines. To evaluate our method, we compare to two video-to-4D approaches, namely Consistent4D
[20] and DreamGaussian4D [42], and one text-to-4D approach 4D-fy [4]. We extend 4D-fy to video-
prompt 4D generation by using ImageDream as the 3D-aware diffusion model. 4D-fy introduces
hybrid SDS to blend gradients from multiple pre-trained diffusion models to create 4D contents.
Consistent4D is the first study focusing on the video-to-4D task. They utilize a 3D-aware diffusion
model to optimize a cascade dynamic NeRF and propose a consistency loss to address spatial-temporal
inconsistency. DreamGaussian4D leverages 4D Gaussian Splatting for faster training.

4.1 Comparisons on 4D Generation

Qualitative Evaluation. To validate 4Diffusion for 4D generation, we compare it to Consistent4D
[20], DreamGaussian4D [42], and 4D-fy [4] on monocular video-to-4D task. Here, we use 3 real-
world videos and 3 synthetic videos from the Consistent4D dataset, as well as 3 images from the
ImageDream. As discussed in Sec.A.1 of the supplementary materials, for text-image pairs from
ImageDream, we utilize SVD to generate input videos. We illustrate the results in Fig. 7. 4D-fy
[4] achieves state-of-the-art results on text-to-4D task and can be simply extended to video-prompt
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Figure 7: 4D generation comparisons with 4D-fy [4], Consistent4D [20], and DreamGaussian4D
[42].

4D generation by replacing 3D-aware diffusion model. Here, we utilize ImageDream as the 3D-
aware diffusion model in 4D-fy. 4D-fy produces 4D contents with inconsistent temporal appearance,
sometimes diverging significantly from the input video, as depicted in the first two columns of Fig. 7.
This is primarily because integrating gradients from multiple diffusion models is difficult and they
face challenges in multi-view spatial-temporal modeling. Consistent4D is the first work for 4D
generation from monocular video. They employ an interpolation loss between two frames to enhance
spatial-temporal consistency. However, they lack temporal consistency across frames, leading to poor
appearance quality and flickers. DreamGaussian4D generates 4D contents with a blurred appearance
and inaccurate geometry because GS struggles to model thin structures and large motions under
unconstrained situations. In contrast, 4Diffusion generates high-quality 4D content with 4DM, which
captures multi-view spatial-temporal correlations in a unified manner. Overall, our method achieves
superior results, demonstrating its effectiveness. For more visualization results, please refer to our

supplementary materials.
Quantitative Evaluation. We select 5 test cases from Objaverse, each consisting of a monocular

input video and four orthogonal ground truth videos, which are not included in the training data, to
evaluate our model. To evaluate image quality, we leverage CLIP-I [40] to measure the similarity.



Table 1: Quantitative evaluation on 4D generation.

Image quality Tem. Con. Video quality Spa. Con.
CLIP-IT CLIP-Ct FVD] LPIPS] PSNRT?
4D-fy[4] 0.8658 0.9487 1042.3 0.2254 14.24
Consistent4D[20] 0.9216 0.9723 706.07 0.1593 16.70
DreamGaussian4D[42] 0.8898 0.9710 760.18 0.1793 15.97
Ours(w/o L4p-sps) 0.8195 0.9503 1546.4 0.2356  13.92
Ours(w/o L,) 0.8823 0.9720 853.57 0.1589 17.20
Ours 0.9310 0.9798 417.63 0.1199 19.07
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Figure 8: The illustration of synthesized multi-view videos from 4DM and ImageDream [52]. 4DM
produces more spatial-temporal consistent results than ImageDream. T" denotes the timestep of video
clips. All results are generated from DDIM [48] sampler.

We also calculate FVD to evaluate the video quality. We compute LPIPS [64] and PSNR metrics to
evaluate the spatial consistency. Here, we use ground truth videos for novel viewpoints to compute
the above metrics. Moreover, we compute CLIP-C between frames in each synthetic video to evaluate
temporal consistency. Tab. 1 presents the results, clearly demonstrating that 4Diffusion outperforms
other methods on all metrics.

4.2 Multi-view Video Generation

Qualitative Evaluation. In this section, we evaluate the multi-view video generation quality produced
by 4DM using the same input videos as described in qualitative evaluation in Sec 4.1. We employ
ImageDream to synthesize a set of multi-view images as pseudo multi-view video by taking each
frame of the input monocular video as an image prompt. Fig. 8 illustrates results with the first two
columns corresponding to the input monocular video. Although ImageDream excels at synthesizing
spatially consistent images, it struggles to model temporal correlations, leading to inconsistent
temporal appearances, such as the icon on the back of Spiderman. Comparatively, 4DM effectively
captures reasonable temporal information using the motion module, even when trained on a small
curated dataset. Moreover, our model preserves the generalization ability of ImageDream, allowing
us to generate high-fidelity multi-view videos, even beyond the distribution of our training dataset.
As the last two rows of Fig. 8 show, 4DM produces spatially consistent videos by sharing information
across spatial and temporal dimensions to constraint the generation process while ImageDream
occasionally fails to generate videos coherent to the viewpoint.

Quantitative Evaluation. We use the same test cases described in quantitative evaluation in Sec 4.1,
alongside the test data provided by Consistent4D, to evaluate 4DM. To account for the stochasticity
of the diffusion model, we conduct five runs for each test case and report the average metrics.
Tab. 2 shows comparative results. Despite the comparable performance in CLIP-I, 4DM excels in



Table 2: Quantitative evaluation on multi-view video generation. Here, we employ Consistent4D test
dataset to evaluate 4DM and ImageDream. ’Spa. Con.” and *Tem. Con.” refer to spatial consistency
and temporal consistency, respectively.

Image quality Tem. Con. Video Quality Spa. Con.
CLIP-IT CLIP-Ct FVD| LPIPS] PSNRt
ImageDream[52] 0.9165 0.9320 465.94 0.1536 16.57
Ours(w/ whole) 0.8872 0.9478 583.79 0.1763 15.28
Ours(4DM) 0.9260 0.9601 427.34 0.1346 17.88

generating spatial-temporally consistent multi-view videos, a primary focus of our research. This is
evidenced by the superior performance on metrics such as CLIP-C, FVD, LPIPS, and PSNR, which
better capture the spatial and temporal fidelity of video content. These metrics demonstrate that our
method effectively balances image quality with temporal consistency, making it a robust solution for
multi-view video generation.

4.3 Ablation study and analysis

Effectiveness of the Curated Multi-view
Video Dataset. To evaluate the importance and
effectiveness of the selected high-quality multi-

\ p ¥
view videos, we use the entire animated 3D  w/oLup-sns §Z ﬂ;« I il‘ o
= -l
~

A

shapes from Objaverse and render multi-view

videos to fine-tune 4DM (Ours w/ whole). The p \

results are shown in Tab. 2. Given the pres- oL @ @ ,
ence of numerous flawed data within the entire G ¢

dataset, it compromises the image quality of :

ImageDream and encounters challenges in pre-

. 4
cisely capturing spatial-temporal correlations, ful Q“ﬁ‘ﬂ g}#y O;? \w

»

&

demonstrating the importance of high-quality
datasets for fine-tuning 4DM.

Time
4D-aware SDS Loss. To evaluate the effect Fjgure 9: Ablation studies on 4D-aware SDS loss
of our 4D-aware SDS loss, we substitute the apd the anchor loss.

4DM with ImageDream and use 3D-aware SDS

loss based on ImageDream to optimize dynamic

NeRF representation. As Fig. 9 depicted, inconsistent temporal textures, such as the leg of the
squirrel, emerge due to the lack of temporal modeling of ImageDream, underscoring the significance
of capturing spatial-temporal correlations in 4DM. The quantitative results presented in Tab. 1 indicate
the significance of our 4D-aware SDS loss.

Anchor Loss. We also assess the impact of the proposed anchor loss. As illustrated in Fig. 9,
capturing detailed appearance features, such as the eyes of the squirrel, proves challenging without
the anchor loss. Conversely, the anchor images furnish visual clues to facilitate the learning of 4D
representation, resulting in high-quality 4D content. The quantitative results Tab. | demonstrate the
crucial role of our anchor loss.

5 Conclusion

In this paper, we present 4Diffusion for 4D generation from a monocular video. Our method proposes
a multi-view video diffusion model 4DM based on a 3D-aware diffusion model for multi-view video
generation and provides multi-view spatial-temporal guidance for 4D generation. 4DM captures
spatial-temporal correlations and preserves the characteristics of the origin 3D-aware diffusion model
even when training on a small curated dataset. Then, we combine 4D-aware SDS loss and an anchor
loss based on 4DM to optimize our hash-encoded dynamic NeRF, resulting in spatial-temporally
consistent 4D contents coherent with the input monocular video.
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A Supplemental material

A.1 More Implementation Details

Table 3: Hash encoding parameters of P, and Py, .,

Parameter Value
Number of levels 16
Hash table size 219
Number of feature dimensions per level 2
Coarsest resolution 16
Finest resolution 4096

Low-quality
______Statlc__ -

Out-of-scene Movement

oW (oW oW |0V “ 1

=
o

Rotated Camera

Figure 10: The illustration of our training dataset. We manually filter out animated 3D data with static
motion, out-of-scene movement, or rotated camera to curate a dataset with high-quality appearance
and realistic motion.

Datasets. We utilize Objaverse dataset [ | 1] to train our multi-view diffusion model, as described in
Sec. 3.2. Objaverse dataset comprises a vast collection of 3D shapes with descriptive captions, tags,
and animations. We manually filter out animated 3D shapes that contain static objects, out-of-scene
movement, rotated cameras, or meaningless objects, resulting in 926 high-quality 3D animated
models, as depicted in Fig. 10. We apply Blender to render 32 videos with azimuth angles uniformly
ranging from [—180°,180°] and an elevation angle of 0° for each animated 3D model. In our
experiments, we use the dataset released by Consistent4D [20], test cases from Objaverse, and
text-image pairs from ImageDream [52] project page. Specifically, for text-image pairs, we leverage
Stable Video Diffusion V1.1 [5] to produce monocular videos for 4D generation.

4D Generation. We implement our 4D generation model under threestudio framework [15]. Our
hash-encoded dynamic NeRF representation utilizes the parameters detailed in Tab. 3. Following
[55, 4], we anneal the timesteps of diffusion models from ¢ € [0.98,0.98] to ¢ € [0.02,0.25] over the
initial 5,000 iterations and set the diffusion CFG to 5.0. The loss weights A;, A2, A4 are set to 200,
100, and 100, respectively. Addtionally, A3 linearly increases from 10 to 1000 during the first 5,000
iterations and A5 is fixed at 100 after the initial 10,000 iterations. The model is trained with AdamW
optimizer for 35,000 iterations with a learning rate of le-2 except for the decoded MLPs, where the
learning rate is adjusted to le-3. It takes around 12 hours to train the model on one NVIDIA Tesla
A100 GPU.

Volume Rendering. We employ NerfAcc [24] as our rendering pipeline, which leverages an
occupancy grid to store the opacity of a scene. This approach accelerates volume rendering and
reduces computations. We adopt a shared occupancy grid by representing the maximum opacity of
the scene across all frames, facilitating its application to dynamic scenes. Additionally, we set the
background of the rendered images to white. For the resolution of rendered images, we follow the
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Figure 11: The illustration of 4D generation results of 4Diffusion.

configuration of ImageDream [52]. We maintain fixed camera distances at 1.1 to enhance the stability
of the optimization process.

A.2 More Results

4D Generation. In Fig. 11, we showcase additional results of our 4D generation results. To gain a
more intuitive understanding, we encourage readers to view the supplementary videos. Moreover, we
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Figure 12: 4D generation comparisons with 4D-fy, DreamGaussian4D, Consistent4D. These test
cases are selected from Objaverse dataset, which are not included in the training data of 4DM.

show more comparisons on 4D generation as shown in Fig. 12, Consistent4D and DreamGaussian4D
encounter the multi-face problem while our method generates spatial-temporally consistent contents.

Text-to-4D. To Further validate the effectiveness of 4Diffusion, we conduct experiments on text-
to-4D task. Specifically, we first employ SDXL to generate images conditioned on text prompts.
Subsequently, we utilize SVD V1.1 to produce monocular videos for 4D generation. Finally, we
follow the procedure outlined in the main paper to generate 4D content from the monocular videos.
As illustrated in Figure 13, our approach yields high-quality 4D content from text prompts, thereby
demonstrating its effectiveness.

A.3 Limitations

Our method can be improved in the following aspects: 1) Our multi-view video diffusion model is
constrained by the capability of the base model and the scale of high-quality training data. We believe
that improving the base model and scaling up the high-quality dataset can obtain a better model. 2)
Our 4D generation pipeline relies on heavily volumetric rendering, causing slow training speed. We
believe advances in 3D and GS can potentially solve these problems.

A.4 Broader Impacts
Our work paves the way for high-quality 4D content generation, reducing the extensive manual

effort for artists and novices. Although our method is not designed for generating humans, it may be
extended and misused, potentially influencing human perceptions.
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Figure 13: The illustration of text-to-4D results of 4Diffusion.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction claim the contributions and describe the chal-
lenges, which our method tries to solve.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: In our supplementary material, we discuss the limitations of our method and
the potential future work.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justification: Our paper does not include theoretical results.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We describe the implementation details for our experiments in our paper and
all the results can be reproduced.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: We release our code and data at https://aejion.github.io/4diffusion.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide training and test details in experiment which can help readers to
understand the results.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
Justification: In our experiments, we do not report error bars.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide the computation resources required to reproduce our experiments.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Our paper follows the NeurIPS Code of Ethics in every respect.
Guidelines:

» The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
o If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.
* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We discuss broader impacts in our supplementary material.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our pre-trained model and method present a low risk of misuse or dual-use, as
the model is trained on object-centric datasets that contain no human data.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We follow the license of each asset we have used and cite them properly.
Moreover, we also state the version of these assets.

Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets

has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: Our paper provides no new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
* Including this information in the supplemental material is fine, but if the main contribu-

tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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