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Figure 1. Generating 3D Scene with Ambient Dynamics. Given an input image or text prompt, our proposed method, VividDream,

generates a large, explorable 4D scene with ambient scene motion.

Abstract

We introduce VividDream, a method for generating ex-
plorable 4D scenes with ambient dynamics from a single in-
put image or text prompt. VividDream first expands an input
image into a static 3D point cloud through iterative inpaint-
ing and geometry merging. An ensemble of animated videos
is then generated using video diffusion models with quality
refinement techniques and conditioned on renderings of the
static 3D scene from the sampled camera trajectories. We
then optimize a canonical 4D scene representation using
an animated video ensemble, with per-video motion embed-
dings and visibility masks to mitigate inconsistencies. The
resulting 4D scene enables free-view exploration of a 3D

scene with plausible ambient scene dynamics. Experiments
demonstrate that VividDream can provide human viewers
with compelling 4D experiences generated based on diverse
real images and text prompts.

1. Introduction

Recent advancements in text-to-image generation [9, 40,
46] have revolutionized the field of computer vision, pro-
ducing highly realistic and contextually accurate images
from textual descriptions. This progress has paved the way
for extending generative models beyond static images to
higher-dimensional outputs, including video generation, 3D
object generation, and 3D scene generation.
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dings.

Our key contributions include:

* A holistic approach to generating explorable 4D scenes
with ambient dynamics from a single image or text
prompt.

» A multi-video animation framework to generate scene
motion while respecting speci ed camera trajectories.

» Technigues to mitigate inconsistencies when generating a

Figure 2. Failure in a baseline solution. Training a 4D scene 4D scene from multiple independently animated videos.
representation (e.g., 4DGS [54]) using a single video generated We demonstrate the effectiveness of our approach in
by SVD [3] poses several challenges. First, the weak or absenta variety of scenes. Experimental results showcase our
camera motion in the animated video leads to many unseen areasnethod's ability to generate compelling 4D scene experi-
and limited novel view synthesis. Second, existing video depth ences with plausible ambient dynamics. We will release

and pose estimation algorithms [22, 61] have dif culty in handling  source code to facilitate future research on this problem.
scenes with ambient motion due to their reliance on accurate corre-

spondence estimation ( e.g., optical ow [50]). These limitations 2 Related Work

motivate our multi-video approach to 4D scene generation.

However, in the realm of 4D space, current research pre- 1€Xt-10-3D generation Generative models have achieved
dominantly focuses on generating or reconstructing individ- PrOmising results in generating realistic 3D objects [6, 29,
ual 4D objects [2, 25, 45, 58, 60, 62]. While these efforts 35 42, 49, 53] and 3D scenes.By leveraging the power
have led to signi cant breakthroughs in capturing objects’ ©f 2D diffusion models to generate high-quality 2D im-
dynamics over time, there remains a notable gap in the gen29€s, certain approaches [13, 19, 57] address text-to-3D
eration of comprehensive 4D scenes. A 4D scene encomSCENE generation as an inpainting problem. These methods
passes not just the temporal evolution of the scene but alsd2ke text prompts as input and utilize 2D diffusion mod-
the spatial scale of the 3D environment, enabling immersive €IS [1, 31, 46] to generate images and inpaint the parts not
view exploration. Although the recent DreamScene4D [7] S€€N in previous images. Another trend seeks higher con-
generates a 4D scene from an input video, it focuses on relrollability over the generated content by pre-de ning the
constructing and generating the dynamic foreground objects@/location of objects within the scene [8, 59, 63]. How-
but not expanding the 3D scene from the input views for €Ver, these methods generate static 3D scenes, lacking dy-
larger view exploration. namic ambient scene motion, essential for better immer-

In this paper, we aim to generate 4D scenes enablingSion'. VividDregm aims to generate _dynami_c scenes with
users to explore the 3D scene with dynamic ambient mo- ambient dynamics to provide a more immersive and engag-

tion, such as uid motions, trees, and grass swaying in the INg Experience.
wind. To achieve this, a straightforward baseline might
involve using a powerful video generator to create a se-Video diffusion models Recent advancements in video
quence and then performing 3D reconstruction [22, 61] on diffusion models have demonstrated signi cant progress in
this video to form a 4D scene [23, 28, 30, 54]. However, generating high-quality video content [3, 4, 15, 33, 55].
this approach falls short in several ways. No matter how Text-guided video diffusion models [4, 15, 18, 48, 51] ex-
detailed, a single video is insuf cient to capture the full tend the capabilities of the powerful text-to-image genera-
complexity and navigability required for an explorable 4D tors [46, 47] to the domain of video generation. To enhance
scene (Fig. 2). Such a scene necessitates multiple perspeghe context guidance, some methods condition the video
tives and the ability to transition between different views generation with images [3, 5, 16, 55]. However, the text
and moments seamlessly. and/or image conditions can still be insuf cient to fully con-
To address these limitations, we propose a novel pipelinetrol the generated motions and separate camera motion from
for generating explorable 4D scenes from a single imagescene motion. To improve the controllability of motions,
or text prompt. In Stage 1, we expand the initial 3D point MotionCtrl [52] and CameraCtrl [17] ne-tune pre-trained
cloud obtained from the input through an iterative view ex- video diffusion models [3, 16] with additional conditioning
trapolation and inpainting process. Stage 2 focuses on genmodules to take the user-speci ed camera or scene motion
erating ambient scene motion by animating multiple view- guidance. On the other hand, Time-Reversal [12] leverages
extrapolation videos rendered from the 3D scene. Finally, Stable Video Diffusion (SVD) [3] in a zero-shot manner to
in Stage 3, we train a 4D scene representation using theguide video generation with an end-view condition and can
animated multi-view videos while handling inconsistencies achieve view interpolation and video looping. We build on
through visibility masking and per-video motion embed- the camera controllability introduced by Time-Reversal and



focus on generating ambient scene motion with conditionedend view | " s identical to the start view st and
camera poses. view interpolation between two different views o' and

| st Nevertheless, a single view-interpolation video gen-
eration is insuf cient for expanding an explorable 4D scene,
especially SVD-generated video with 25 frames. There-
fore, we incorporate multiple passes of Time-Reversal to
acquire the scene motions in each part of a generated 3D
scene (Sec 4.2).

Single-image animation. Cinemagraph generation [10,
20, 34] animates a single image into a video with looping
motions. Text2-Cinemagraph [35] enables text-guided ani-
mation of the generated images. dtial. [27] predicts the
ambient scene motion and provides the interactivity on the
generated dynamics. kt al. [26] lifts the 2D cinemagraph
into 3D space to allow small 3D viewpoint changes. Nev-
ertheless, these methods are still limited in the input image
view without expanding the scene. In contrast, we expand3D Gaussian Splatting (3DGS) [21] recently has shown
a 4D scene from an input image to allow exploration with decent rendering quality and fast training and render-

3.3. 4D Gaussian Splatting for 4D-scene view syn-
thesis

signi cant viewpoint change. ing speeds with an explicit representation, compared to
NeRF [39] with neural implicit representation. The geom-
3. Preliminary etry of each Gaussian splat (GS) is represented by position

3.1. SVD for i id . 2 R® and an anisotropic covariance matrix where the
- or image-to-video generation covariance is decomposed by RSSTRT with the ro-

SVD [3] is a publicly available state-of-the-art video gen- tatonR 2 R* and scalingS = Diag(s);s 2 R®. On
erator that builds upon Stable Diffusion [46], producing 14 the other hand, the appearance of a GS is parameterized by
or 25 frames at a resolution of 1024768. It takes in an  the color,c, encoded by spherical harmonics coef cients,
image and generates a video sequence by a latent-based dignd an opacity, . To render the coloC of a given pixel
fusion model, where a 3D-UNet,, denoises a video latent  at a view is rendered by depth-based sorting on the GS set
zr, N (0:1) into a clearzo over Ty steps. At each de- fGiglL; and -blending with 2D-projected opacity:

noising stefy, the 3D-UNet denoises the video latent, _

byz, 1= (2, 2™ ;ty;cm;cscaar) where de- X i

notes the concatenating operatiaff9 is the input image C= . G i . a @)
condition encoded by VAE. Additionallyg™9 and cscalar =1 =1

are CLIP [43]-encoded image condition and motion condi-  To extend the 3DGS for dynamic scenes, 4DGS [54]
tioning scalars for the 3D-UNet attention modules. After (4DGS) introduces a deformation module to deform each
the iterative denoising steps, the clean video latgns de- GS for dynamic motion. Given the 3D position =
coded into an RGB video by the VAE decoder. Although (x;y;z) and the query time, the deformation module ob-
SVD can generate videos of promising quality, it lacks con- tains the featurd using a spatiotemporal Hexplane en-
trollability over both scene and camera motion, restricting coder [14],f. Then, the featurdd (x;y;z;t) is fed into

its use for scenarios such as view interpolation. decoding MLPs to acquire the deformation position
. . . . ( x; y; 2z), rotation r, and scaling s for the time
3.2. Time-Reversal for video view interpolation t. With all GSfG;g\, deformed, the view of a dynamic

To control the camera motion generation, Time- Sceneisrendered by Eq. 1.

Reversal [12] leverages a crucial property of SVD: However, 4DGS is sensitive to noisy training views due
the input conditioning image serves as the start frame ofto the reliance on accurate camera poses and wide cover-
the generated video. Therefore, at each denoising stefage of viewing directions. In our setting, which is based on
tq, besides a denoising pass on the video latgnto get multiple videos generated by SVD and Time-Reversal, the
deonisedz{‘g’d . with start-view image conditior s appearance and motion inconsistencies among videos can

Time-Reversal temporally reverseg asz, and denoises be harmful. To address this issue, we introduce per-video
with another end-view image conditiomh ", to obtain motion embedding and visibility mask to mitigate the blur-

the denoisetiﬁj‘d 1- Subsequently, the two denoisegf"; riness caused by multi-video inconsistencies (Sec. 4.3).
andfﬁj‘d , are fused int@;, , for the next denoising step

—end 4. Method

ta Lz, 1= @G +@ )z, , where isthe

fusing weight and z&", is the reverse off™ ;, back to Our three-stage pipeline for generating an explorable 4D

the original video time space. scene with ambient motion is illustrated in Fig.3. In the fol-
By manipulating additional end-view image condition, lowing subsections, we provide detailed information about

| end  Time-Reversal can perform video looping when the the three stages.




Figure 3.Method overview. Our method takes either a single image or a text prompt as input. For an image input, we generate a caption
using [24] and estimate its depth using DepthAnything [56]. For a text prompt input, we generate the corresponding image using a text-to-
image generator [46]. The image, text prompt, and estimated depth form the initialization for the subsequent stages. In Stage 1 (Sec. 4.1),
we expand the initial 3D point cloud through an iterative process of novel view inpainting and point cloud merging using aligned depth
estimates. Stage 2 (Sec. 4.2) focuses on generating the scene motions by rdfdegtig view-extrapolation videos covering the entire

3D scene. Each video is rst animated using Time-Reversal [12] with static renderings as conditions. To improve the video quality, we
re ne the animated videos using SVD [3]. However, this re nement may cause the camera motion to deviate from the desired trajectory.
We mitigate this issue by applying a smooth transition on the last few frames using FILM [44] to match the conditioning end view. Finally,

in Stage 3 (Sec. 4.3), we train the 4D scene model, 4DGS [54], using the animated videos from Stage 2. To handle appearance and motion
inconsistencies among the multi-view videos, we apply visibility masks with soft blending weights and introduce a per-video motion
embedding inspired by NeRF-W [36]. The resulting 4D scene model enables consistent motion and immersive 4D scene exploration.

4.1. 3D scene generation coding and decoding process produces color inconsistencies
between the inpainted imag&™™ and the known regions

Given a single-view point clou®, unprojected by the in- in ;. To tackle this, we apply Poisson blending [41] on

put image and the estimated depth, we expand the 3D point "™ with I; along the mask borders to enhance color

cloud through an iterative process of view extrapolations, consistency (Fig. 4a).

consisting of novel-view inpainting and point-cloud merg-

ing. At each iteratiori, we select a novel-view pose;, To unproject the inpainted image at novel viey the

to render the imagé; and depthD; from the point cloud ~ depthD{™*™ is estimated again by [56]. Since the in-

P; 1, with a maskM; indicating the known regions. The consistency between the new depdi®*™ and the known

unseen regions in the rendered image are then lled by theregions of existing deptlD; creates misalignment in 3D

inpainting model [46] conditioned on imagde, inpainting space (Fig. 4b), we follow SceneScape [13] and align the

mask(l M), and textp. We observe that the VAE en- depths by ne-tuning the last layer of the depth estimation



and the novel view; to form a camera trajectory of length
T, whereT is the temporal resolution of the SVD model.
This static-scene extrapolation video serves as the condi-
tion of the video generation (Fig. 5a) to obtain the ambient
scene motion while retaining its camera trajectory.
However, the original SVD cannot control camera mo-
tion in the generated videos (Fig. 5b). Although some meth-
ods [17, 52] extend the pretrained video diffusion models by
inserting additional motion conditioning modules, the gen-
erated videos may still not follow the camera condition [52]
Figure 4. Handling appearance and geometry inconsistencies  or contain insuf cient ambient scene motion [17]. Alterna-
in 3D point cloud. (a) The inpainting model [46] may introduce  tjyely, Time-Reversal [12] builds upon SVD with two end-
color shifts caused by VAE, creating inconsistencies with the ex- view image conditions, start - | end1 to allow better control
isting scene (zoomed-in). We mitigate these boundary seams Usy, a1 camera motion and scene motion for video looping and
ing Poisson blending [41]. (b) After merging the inpainted region view interpolation (Sec. 3.2). However, the two end-view

with the existing point cloud, the newly estimated depth may be diti d t tee th tion in th id
inconsistent with the existing geometry (left). To address this, we conaitions do not guarantee the camera motion in the mid-

ne-tune the depth estimation model following SceneScape [13] dl€ frames, so it may still deviate from the speci ed trajec-
to align the new depth with the known view depth. These steps torY (Fig. 5¢).

ensure appearance and geometry consistency in each iteration of TO improve camera control, we follow SDEdit [37] and
3D point cloud generation. generate the ambient motion conditioned on the static-scene
renderingvstaic = f| s@t....-| endg  Concretely, we en-
code the static-scene video into the late§it" and then

add noise to a diffusion step, in the diffusion noise

model [56] and minimizing the disparity between the two
depthsD.™*™ andD;, in the known regioM :

oy 2 schedule as a perturbed lateit?® . Therefore, the de-
o X D]npalnt D. 1! . . ] v _
L inpaint  _ i i Mi; () noising process of Time-Reversal is performe_d on the per
depth D npait T, D !, ! turbedz®@'® from the step  to get a clean video latent
z¥ with dynamic motion. The VAE-decoded RGB video
where is the element-wise multiplication. We then use the v®" = f| ,;:::;| g then could have scene motion at the
aligned deptfD, ™™ to lift the inpainted regioffl  M;)  temporal resolutioif and better camera motion consistency
of imagel ™™ into 3D to formP,""*™ | and merge it  with the speci ed trajectory (Fig. 5d).
with the existing oné®; ; intoP; = P; ([P ii”Paim . By Nonetheless, we found that Time-Reversal still yields
iterating this process, an expanded 3D static point cleud low visual quality due to the noise-averaging steps. To re-
is used for view exploration. store visual quality, we apply a second round of SDEdit to
the initial animated video from the denoising stgpne
4.2. Multi-video animation with SVD only. Although the details can be enhanced,

In Stage 2, we utilize the image-to-video generator [3] to the appearance and camera motion in the later frames
generate ambient motion using the static 3D sderfeom may shghtly deviate fro.m the Spec ed stan_c—rendenng

Sec. 4.2. To bake the motion into a 4D scene representa—\/'deo.W'thOUt the end-wew.condltlon from Time Rever-
tion for view exploration, controlling the camera motions sal (Fig. 5e). To address this, we adopt FILM [44], to re-

of the generated videos is essential for the 4D scene Opplace the last frames of the vided) 1 n+1;::;1 79, with
R : fl FILM | FILM - end g creating a smooth transition to
timization in Stage 3 (Sec. 4.3). Therefore, instead of a’ T n+l:@=~ T 1~ '

. . . . .. . iti _\7/i d FILM n 1;
single-image condition in the original SVD, we condition the conditioned end-view®, wherefl t™., ; g/-;" is the

the video generation process with a static-scene video renframe interpolation output with two xed viewt'-} and
dered by a preset camera trajectory from the point cloud! e”dd. Consequently, we can obtain a set of animated videos,
P. Since a single video cannot encompass the entirefV *" gf-, , with speci ed camera trajectories and desired

3D scene, we acquire a set of videdsS@ic gk, to en-  scene motion.

sure comp!ete view Scigr:/(?rﬁlgeer%y IEenderlﬁgwdeos V\_nth 4.3. 4D-scene training

camera trajectoriels 72" ;::; "“gp_, , where each video

ygatic = f| start.....| endg captures a part of the scene. We  With the expanded 3D point clod®l and multiple animated
omit k here for simplicity. In practice, we take théew- videosf\/,'(jyn gr., covering the 3D scene, we now t the
extrapolation paths from Stage 1 since the extrapolation 4D scene. The canonical 3DGS is initialized by the point
paths for 3D scene generation will cover the entire scene.cloudP. For each videc)/l‘(jyn , We assign timestamps=

For each path, we interpolate between the known view f1;2;:::; Tgfor theT frames.
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