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University of Pennsylvania

{tianfr,tjding,jinqiluo,hanchmin,vidalr}@upenn.edu

Move Back

Voyaging into Dynamic Scenes with Fly-through Camera Trajectories

Move Back Rotate Left Move Back

Rotate Right

Rotate Left

Time StartMove Back Time Start End End

Rotate Left Move Back

Controllable Dynamic Scene Generation with Scene Prompts

A happy man 
is walking 
along a road  
with []. 

Video + Scene Prompt

… 

[Pink clouds] [flowers][River] [Village] [Sea] [cliff]

+      

… 

Input Image

Input Video

Figure 1. DynamicVoyager generates 4D point clouds of perpetual dynamic scenes by our dynamic scene outpainting process. Given a
fixed viewpoint video (or an image with a motion prompt) with dynamic scene prompts and fly-through camera trajectories, DynamicVoy-
ager can generate dynamic scenes along the trajectories (Top) and control scene generation contents (Bottom).

Abstract

The problem of generating a perpetual dynamic scene from
a single view is an important problem with widespread ap-
plications in augmented and virtual reality, and robotics.
However, since dynamic scenes regularly change over time,
a key challenge is to ensure that different generated views
be consistent with the underlying 3D motions. Prior work
learns such consistency by training on multiple views, but
the generated scene regions often interpolate between train-
ing views and fail to generate perpetual views. To address
this issue, we propose DynamicVoyager, which reformulates
dynamic scene generation as a scene outpainting prob-
lem with new dynamic content. As 2D outpainting models
struggle at generating 3D consistent motions from a single
2D view, we enrich 2D pixels with information from their
3D rays that facilitates learning of 3D motion consistency.

More specifically, we first map the single-view video input to
a dynamic point cloud using the estimated video depths. We
then render a partial video of the point cloud from a novel
view and outpaint the missing regions using ray information
(e.g., the distance from a ray to the point cloud) to generate
3D consistent motions. Next, we use the outpainted video
to update the point cloud, which is used for outpainting the
scene from future novel views. Moreover, we can control
the generated content with the input text prompt. Experi-
ments show that our model can generate perpetual scenes
with consistent motions along fly-through cameras. Project
page: https:// tianfr.github.io/DynamicVoyager.

1. Introduction
Perpetual scene generation [27, 30, 58] aims to create a
virtual 3D scene as the camera moves along arbitrary tra-
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jectories, typically starting from a single view observation.
While recent studies [27, 57, 58] have achieved significant
progress in perpetual generation of static scenes by leverag-
ing image outpainting models [23, 24, 41], these approaches
cannot generate scenes with dynamic content (e.g., waving
hands, flowing rivers). Such dynamic content has impor-
tant applications in augmented reality (AR), virtual reality
(VR) [3, 4] and robotics [7]. For example, AR/VR game de-
signers need to build a perpetual dynamic scene for players
to explore and interact, while roboticists use virtual scenes
containing commonly seen dynamic objects in natural en-
vironments for training embodied agents [9, 52] by self-
exploration.

A key challenge in generating perpetual dynamic scenes
is to ensure that the generated dynamic content has 3D con-
sistent motions: i.e., the motions observed in any two views
must correspond to the same underlying 3D dynamics. Gen-
erating consistent motions from a single view is inherently
ambiguous due to the limited 3D motion information con-
tained in a 2D image. Previous dynamic scene generation
methods [26, 28, 42, 50, 56] address this challenge by learn-
ing from multiple views surrounding the scenes so that 3D
motion information can be implicitly learned from the 2D
motions observed in these views. However, such a learning
strategy severely restrains models from creating perpetual
dynamic content, because the generated dynamic regions
often interpolate between training views and fail to gener-
ate perpetual views, as exemplified in Figure 2.

In this paper, we propose DynamicVoyager, a novel ap-
proach to perpetual dynamic scene generation that refor-
mulates the task as a scene outpainting problem, enabling
the synthesis of new dynamic content in previously unseen
regions of the scene. Rather than relying on multiple 2D
views as input, DynamicVoyager learns 3D-consistent mo-
tion dynamics from single-view observations by treating
pixels as rays, thereby enriching each pixel with the con-
textual information of its corresponding camera ray.

More specifically, given an input image, we exploit
image-to-video diffusion models [14, 54] to synthesize a
fixed pose video from that image. To initialize a dynamic
scene from the video input, we estimate the video depth
maps and backproject the fixed viewpoint video frames
into 3D space as dynamic point clouds with the estimated
depths. After that, we move the camera to a partially un-
seen area of the scene and rasterize the reconstructed point
clouds into an incomplete video from that view. To out-
paint the video with 3D consistent motions, we consider
pixels as rays to complement the video input with 3D scene
information. For pixels in the visible area, we obtain 3D
motion information by sampling ray depth maps from the
point clouds. For pixels in the unseen area, we backproject
rays from pixels and use the distance between these rays and
the point cloud to infer the 3D spatial relationship between

Figure 2. Failure examples of previous dynamic scene genera-
tion methods. While the generated dynamic scenes from previous
works [42, 49, 50] are strictly bounded by the input views, Dy-
namicVoyager successfully generates dynamic scenes with large
camera motions by the proposed scene outpainting process.

the unseen area and the visible area. We then outpaint the
incomplete video with the sampled ray depth and ray dis-
tance maps for the visible and unseen parts, respectively.
Finally, we estimate the depth maps of the outpainted video
and update the unseen area of the dynamic point clouds.
Figure 1 visualizes examples of dynamic scenes generated
by our method using input from a video with a fixed camera
pose or a single image. It also shows that we can control the
perpetual generation with input scene prompts.

To summarize, our contributions are as follows:
1. We reformulate the dynamic scene generation problem

as a scene outpainting problem, so that our generated
scene can be explored from a single view to any place
through fly-through camera trajectories.

2. We generate view-consistent motions in 3D space by
treating pixels as rays, which allows us to use 3D in-
formation to enrich the outpainting model.

3. We present experiments showing that, unlike other
bounded scene generation methods, our model can gen-
erate perpetual dynamic scenes and control the genera-
tion with scene prompts.

2. Related Work

Static scene generation. With the development of vision
foundation models [18, 20, 37, 40, 47], many works have
started to generate static scenes from input images [2, 6, 8]
or text prompts [13, 31]. Early efforts focused on indoor
scene generation [2, 6, 13, 25] or object-centric scene gener-
ation [8]. These methods firstly generate multiview images
of the target scene and fuse the multiview images by using
3DGS [19] or NeRF [32, 43, 44] representations. However,
they can only generate static scenes with limited ranges of
camera motions. When the camera moves drastically, these
methods fail to generate unseen regions with consistent and
clear scene structures. To overcome this issue, later studies
have started to explore perpetual scene generation [30] that
allows larger camera movements [17, 27, 30, 35, 57, 58].
Notably, WonderJourney [58] and WonderWorld [57] pro-
pose to generate an infinite world with diverse contents
by using a combination of state-of-the-art depth estimation
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Figure 3. The overview of DynamicVoyager. First, for an initial camera pose, we build the dynamic point clouds from the input image
by employing the image-to-video diffusion model [54], depth model [37] and foreground segmentation model [18] (§3.1). Then given a
new camera pose, we render the partial video and the corresponding ray depth and ray distance maps. We consider pixels as rays to enrich
the pixel information of the partial video with the corresponding ray depth and ray distance information for outpainting the video with
consistent motions (§3.2). Finally, we update the dynamic point cloud with the outpainted video and the corresponding video depth (§3.3).

[37], image segmentation [20] and object detection mod-
els [18]. However, these methods can only generate diverse
scenes with static objects. In this paper, we target the prob-
lem of generating dynamic scenes with new dynamic con-
tents with fly-through camera trajectories.

Dynamic scene generation. Following the great success
of static scene generation methods, recent studies have
started to address the dynamic scene generation problem
[26, 28, 34, 38, 42, 49, 50, 55, 56]. Due to the lim-
ited resources of real-world dynamic scene data, many re-
searchers try to leverage the pretrained video diffusion mod-
els [14, 39, 51, 54] to generate multiple views of dynamic
scenes. A key challenge in this setting is maintaining 3D
motion consistency in multiple generated views. CAT4D
[49] and DimensionX [42] learn to generate 3D consistent
motion from multiview datasets [5, 29]. However, as the
multiview images in these datasets are taken from cameras
that are very close to each other, the generated dynamic
scenes in these methods are strictly limited by the input im-
ages or videos. 4K4DGen [26] animates 3D consistent mo-
tion by building a 3D consistent noise space in the diffusion
models. GEN3C [39] achieves camera control of dynamic
scenes with 4D point cloud representations. However, since
these methods only interpolate novel views surrounding the
input image or videos, they still cannot generate new dy-
namic contents in the unseen regions of the input images.

In this paper, we consider dynamic scene generation as a
scene outpainting problem so that our method can generate
new dynamic content with fly-through camera motions in
the unseen regions of the input video.

Video diffusion models. Our method relies on the power
of the recent video diffusion models [51, 54] to outpaint
dynamic scenes with diverse contents. While some re-
searchers propose video diffusion models with controllable
camera trajectories [1, 10, 11, 15, 22, 45, 53, 60], these tra-
jectories are bounded by the regions of the input views (a
failure case is shown in Figure 8). Besides, since the outputs
of these methods are generated videos without any 4D scene
structures, they always encounter view inconsistency issues
when fusing 4D representation with the output videos. In-
stead, our method adopts 4D point clouds as the dynamic
scene representation and outpaints the dynamic point clouds
with video outpainting models, where the unseen regions in
the input video can be generated by the outpainting proce-
dure, and the motion consistency in different views can be
achieved by introducing ray information in 3D space.

3. Approach

In this section, we present the proposed DynamicVoyager
approach for generating perpetual dynamic scenes, which
is summarized in Figure 3. DynamicVoyager consists of
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three steps, described in §3.1, §3.2 and §3.3, respectively:

• Dynamic Scene Initialization: DynamicVoyager accepts
either a video with a fixed camera pose or an image with
a prompt describing object motions as input—in the latter
case, it first generates a video with a fixed pose. A depth
map is then estimated from each frame of the video. We
segment the video into a dynamic foreground and a static
background, reconstruct the point clouds separately, and
aggregate these into one dynamic point cloud.

• Ray Outpainting: At a new given pose, the goal is to gen-
erate a video consistent with the existing dynamic point
cloud and a given scene prompt. We first rasterize the
point cloud at the new pose, which is consistent by con-
struction. That said, the rasterization only fills in part of
the image, so the question is how to outpaint the rest con-
sistently. To do so, we propose to guide the outpainting
process with 3D information by providing the model with
ray depth in the observed region and the distance of rays
to the point cloud in the unseen region.

• Dynamic Scene Update: We update the dynamic point
cloud using the depth maps of the video frames from the
new pose. We repeat the steps in §3.2 and §3.3 to itera-
tively update the dynamic point cloud from novel poses.

3.1. Dynamic Scene Initialization
We begin by describing how to generate an initial dynamic
point cloud given a video at a fixed camera pose Π(0) or an
image with a motion prompt. Notation-wise, a superscript
(i) denotes objects related to the ith camera pose Π(i).

For illustration, suppose we are given an image I
(0)
0 ∈

Rh×w×3, where h,w, 3 are respectively height, width and
number of color channels, as well as a prompt describing
the desired motion for the video. To generate a video at
the fixed pose Π(0), we employ a pretrained image-to-video
diffusion model [54] by providing both I

(0)
0 and the motion

prompt, where the motion prompt is further prepended with
Camera is strictly fixed. We let I(0) = {I(0)

t }N−1
t=0 de-

note the generated video, where I
(0)
t denotes its tth frame.

Given the generated or user-input fixed viewpoint video
I(0), we reconstruct the underlying dynamic scene, repre-
sented as a 4D point cloud P(0) = {p = (x, t, c)}, where
x ∈ R3, t ∈ R and c ∈ R3 denote the 3D position, times-
tamp and color respectively. Since the objects in the video
foreground and the scene in the background have different
dynamic natures, our framework reconstructs point cloud
P(0,f) for the foreground scene and P(0,b) for background
separately. To this end, we extract the binary video fore-
ground masks M (0) = {M (0)

t ∈ {0, 1}h×w}N−1
t=0 with the

foreground segmentation method [18] to segment the video
I(0) into foreground video I(0,f) = {I(0,f)

t }N−1
t=0 and back-

ground video I(0,b) = {I(0,b)
t }N−1

t=0 . We employ the depth
model [37] on video I(0) to obtain the video depth maps

Figure 4. Qualitative ablation studies of the proposed foreground
layer (§3.1) and background completion (§3.3) strategy.

D(0) = {D(0)
t ∈ Rh×w}N−1

t=0 . Next, we describe the fore-
ground and background scene initialization steps.
Scene foreground initialization. We exploit the depth
maps D(0) and foreground masks M (0) to obtain the fore-
ground depth maps D(0,f) = {D(0,f)

t }N−1
t=0 . Since the video

is captured with a fixed camera, we initialize the video cam-
era pose Π(0) as the center of the dynamic scene. We re-
construct the initial foreground point cloud by employing
the foreground video frames I(0,f), foreground depth maps
D(0,f) and the initial camera pose Π(0),

P(0,f)
t = ϕ([I

(0,f)
t ,D

(0,f)
t ],Π(0), t), t∈{0, ..., N−1} , (1)

where P(0,f)
t denotes the foreground point cloud at times-

tamp t. ϕ denotes the mapping from an image with its depth
map to the point cloud. We obtain the foreground point
cloud at all timestamps P(0,f) =

⋃N−1
t=0 P(0,f)

t .
Scene background initialization. Although the back-
ground geometry of a dynamic scene remains static over
time, its appearance can vary across frames due to dynamic
textures such as flowing water, moving clouds, or changing
lighting. Hence, we model the background as having con-
stant depth but varying color across time. Also, notice that
foreground objects may occlude parts of the background at
certain timestamps, making some background pixels unob-
servable at those frames. To address this, we leverage fore-
ground masks to identify non-occluded regions and com-
pute the background depth at each pixel location. Specifi-
cally, let D(0)

t (x, y) and M
(0)
t (x, y) denote the depth and

foreground mask values at pixel (x, y) of the video frame
I
(0)
t . The background depth can be computed element-wise

as

D(0,b)(x, y)=

∑N−1
t=0 D

(0)
t (x, y)·

(
1−M

(0)
t (x, y)

)∑N−1
t=0

(
1−M

(0)
t (x, y)

) , (2)

where D(0,b) is the refined background depth map. We em-
ploy the same mapping function ϕ to map the background
regions on the video frames to the 4D point clouds,

P(0,b)
t =ϕ([I

(0,b)
t ,D(0,b)],Π(0), t), t∈{0, ..., N−1}. (3)

In this way, the obtained background point clouds P(0,b) =⋃N−1
t=0 P(0,b)

t have time-invariant positions and time-
varying colors. Finally, we obtain the scene point cloud by
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merging the foreground and background point clouds,

P(0) = P(0,f) ∪ P(0,b), (4)

which is then introduced for outpainting the scene at a novel
view with 3D consistent motions.

3.2. Ray Outpainting at a Novel View
To outpaint the scene at a given novel pose Π(1), we follow
the assumption of previous works [21, 57, 58] that the view
of Π(1) overlaps moderately with that of Π(0) to allow for
outpainting a substantial portion of the scene. The question
is, how can we outpaint a dynamic scene containing consis-
tent motions with the existing dynamic point cloud P(0)?

To address this question, we first rasterize the point cloud
at Π(1). As shown in the top row of Figure 5, we obtain
a partial video whose observed region is the projection of
the portion of the point cloud visible from Π(1). To handle
the unseen region, a naive approach would be to directly
outpaint the partial video. However, this typically leads to
inconsistencies across the boundary of observed and unseen
regions, as shown in Figure 5. Our intuition is that pixels in
each video frame only provide 2D information, which is not
enough to reconstruct the 3D motion. To address this issue,
we consider the 3D ray from the camera origin through each
pixel. If the pixel is in the observed region, we compute its
depth. If the pixel is in the unseen region, we compute the
distance from its ray to the point cloud. Both the depth and
distance maps serve as guidance for how to outpaint a pixel
while respecting information from the existing point cloud.
Ray information sampling in observed region. Given a
novel pose Π(1), we first rasterize the dynamic point cloud
P(0): at every time step t ∈ {0, · · · , N − 1}, we compute

(Î
(1)
t , D̂

(1)
t ,M̂

(1)
t ) = φ(P(0)

t ,Π(1)). (5)

Here, φ denotes the image rasterization function. M̂
(1)
t is

a binary mask, where M̂
(1)
t (x, y) = 1 if at least one 3D

point from P(0)
t hits the image at pixel (x, y) during ras-

terization and 0 otherwise. Correspondingly, Î
(1)
t is the

rasterized partial video and D̂
(1)
t the rasterized ray depth

map (to be distinguished from the depth map generated by
depth models as in §3.1). A hat on the notation empha-
sizes that the signals are not observed for all locations, and
we denote D̂(1) = {D̂(1)

t }N−1
t=0 , M̂ (1) = {M̂ (1)

t }N−1
t=0 and

Î(1) = {Î(1)
t }N−1

t=0 . A few remarks are in order. First, by
doing the rasterization, the observed regions are obviously
consistent with the point cloud. Second, the ray depth maps
encode the 3D information of the observed scene, which as
we shall see will be included as guidance for outpainting.
Third, for the regions not observed at Π(1), we introduce
the distance between rays and the point cloud to comple-
ment the 3D information in these regions, as described next.

Figure 5. Ablation studies of scene outpainting with ray informa-
tion. We also compare with the 2D outpainting model MOTIA
[46]. Detailed visualization demonstrates that with ray informa-
tion, our model successfully outpaints the dynamic scenes with
consistent motions.

Ray-point-cloud distance computation in unseen region.
Fix the reference coordinate system at the origin of a cam-
era. Let r ∈ R3 be a unit vector denoting the direction of a
ray from the origin pointing at a pixel location, and p ∈ R3

a point in the 3D space. We recall that the distance between
the ray and the 3D point can be computed as

distr2p(r,p) =
√
∥p∥22 − (r⊤p)2. (6)

With the above said, we can compute the distance between
camera rays and the 4D point cloud for the complementary
3D information of the unseen regions. Namely, we compute

D̄
(1)
t (x, y) = min

p∈P(0)
t

distr2p
(
r(1)(x, y),p− o(1)

)
, (7)

where r(1)(x, y) ∈ R3 is the unit-norm ray vector starting
from the origin of Π(1) pointing at pixel (x, y), and o(1) is
the camera center of Π(1), both in the reference coordinate
system of Π(0). As we will see, such a distance will be used
to guide the outpainting.
Ray outpainting. To outpaint the dynamic scene at the
novel pose Π(1) from the partial video, we desire a few
properties for the outpainted video: 1) the outpainted video
needs to have a static pose fixed at Π(1) and be consistent
with the existing dynamic point cloud in the observed re-
gion, 2) the user should be able to control the generation
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Figure 6. Voyaging into perpetual dynamic scenes with long camera trajectories from a single image or fixed viewpoint video. We
iteratively show the unseen regions through large camera motions, the dynamic scene outpainting results and the consistent motions from
novel views. By enriching the pixel information with ray contexts, our method successfully builds large dynamic scenes from input views.

in the outpainted region (i.e., the unseen region), and 3) the
motions in the outpainted region need to be consistent with
the motions in the observed region. To fulfill properties 1)
and 2), we design our video outpainting model to take as
input the extracted partial video Î

(1)
t , as well as a prompt

narrating the desired motions in the generated scene. For
property 3), we propose to employ ray depth map D̂(1) and
ray distance map D̄(1) as guidance on 3D information in the
observed region and how much the outpainted ray in the un-
seen region should respect the existing point cloud. To sum
up, our video outpainting model accepts the partial video
Î(1), scene prompt s, ray depth map D̂(1), ray distance map
D̄(1) and generates an outpainted video I(1) = {I(1)

t }N−1
t=0 .

Next we describe how to train such a model.
Training the outpainting model. We collect a small video
dataset for training (details in supplementary material), and
reconstruct point clouds from it to compute ray information
for supervision. More specifically, given a training video I ,
we extract depth maps D using the depth model [37] and
backproject the video from a camera Π at the world cen-
ter to reconstruct a point cloud. We then move the camera
closer to the scene and filter out the 3D points that are no
longer visible from the current viewpoint. Then we move
the camera back to the original camera pose Π and com-

pute a partial video Î , a partial depth map D̂, and a ray
distance map D̄ following §3.2. To train the model, we add
noise to I to obtain zτ at step τ , and employ ControlNet
[59] to inject ray information. Let θv, θc denote the train-
ing parameters of the video diffusion model and ControlNet
model. The training objective is

L = Ez0,I,Î,τ,D̂,D̄,s,ϵ

∥∥ϵ− ϵθv,θc(I, Î, zτ , τ, D̂, D̄, s)
∥∥2

2
, (8)

where ϵ ∼ N (0, 1) is the diffusion noise.

3.3. Dynamic Scene Update
Now that we have an outpainted video I(1) at the new pose
Π(1), the next step is to produce a new dynamic point cloud
and merge it with the previous one P(0).
Point cloud merging. We exploit the depth model [37] to
obtain the video depth maps D(1) of the outpainted video
I(1). Noting that there is a depth inconsistency problem
between the estimated depths and the rendered ray depth
map D̂(1) in the mask regions M̂ (1), we follow common
practices [57, 58] to align the video depth maps D(1) with
the ray depth maps D̂(1) by finetuning the depth estima-
tion model. After obtaining the aligned depth maps from
the finetuned depth model, we follow §3.1 to initialize
foreground point cloud P(1,f) and background point cloud
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Figure 7. View extrapolation results. While Wonderjourney [58] only extrapolates views of a static character in 3D space, DynamicVoyager
renders extrapolated views with 3D consistent motions by leveraging the ray information for scene outpainting.

Figure 8. Visual comparisons with video diffusion model Mo-
tionCtrl [48]. Full details are in supplementary material. Dynam-
icVoyager outpaints the scenes with large camera motions.

P(1,b). Then we merge the new point clouds with the pre-
vious one to update the dynamic scenes,

P(1) = P(1,f) ∪ P(1,b) ∪ P(0), (9)

where P(1) is the updated point cloud at the pose Π(1).
In this way, we could generate perpetual dynamic scenes
along fly-through camera trajectories by looping §3.2 and
§3.3 with new camera poses and scene prompts.

Background completion. In practice, we find that the
missing background point clouds occluded by the moving
foreground in the scene cause inconsistency when render-
ing along fly-through camera trajectories (as shown in Fig-
ure 4). We hence propose to employ our video outpainting
model to generate background videos of the occluded parts.
After that, we extract depth maps of the background videos
and reconstruct the background point clouds with the ex-
tracted depth maps. Details are in supplementary material.
We also update the scene with these point clouds.

4. Experiments
In this section, we first describe the details of our experi-
mental setup, we then discuss the results of the scene gener-

Table 1. Quantitative results of controllable dynamic scene gener-
ation on the dynamic degree (DD), factual consistency (FC) [12]
and CLIP [36] scores. While WonderJourney [58] only controls
static scene generation with scene prompts, our model achieves
controllable dynamic scene generation with higher performance.

methods WonderJourney [58] ours

CLIP-SIM ↑ / DD ↑ / FC ↑ 24.98 / 2.23 / 1.30 25.23 / 3.13 / 1.32

ation with fly-through cameras and controllable scene gen-
eration. Finally, we conduct ablation studies of our model.

4.1. Experiment Setups
Data. We trained our outpainting model with the Open-
Vid dataset [33], which contains high-resolution videos
with detailed video prompts. In order to train with daily
dynamic scene videos, we sampled 5,000 videos that con-
tain outdoor dynamic scenes, including natural scenes (such
as waterfalls, rivers and moving clouds) and urban scenes
(such as walking people and moving cars). Additional data
curation details can be found in the supplementary material.
Training details. We employed the LoRA [16] to fine-
tune the CogvideoX-5B-I2V model [54]. The LoRA rank
was 256 and the learning rate was 1 × 10−4 with a cosine
schedule. The video resolution is 16×512×512, and hence
N = 16 and h = w = 512. For calculating the ray infor-
mation, we used the depth model [37] to extract the depth
map of each video frame. Then, we followed the state-of-
the-art video outpainting model MOTIA [46] and exploited
the same mask proportion for outpainting.
Camera details. To set up dynamic scenes with fly-through
camera trajectories, we followed the common practices in
[21, 35, 58], where cameras move along a straight line or
rotate. In the former case, we moved the camera backward
by 0.0005 units between two adjacent camera poses, where
one unit corresponds to the normalized 3D coordinate de-
fined in PyTorch3D, and in the latter case, we rotated the
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Figure 9. Controllable scene generation from input images with
scene prompts. Full details are shown in supplementary mate-
rial. DynamicVoyager successfully controls the dynamic scene
outpainting content with the corresponding scene prompt.

camera by 0.45 radians. We generated camera paths by lin-
early interpolating translation and approximating the rota-
tion using uniform angular steps.

4.2. Scene Generation with Fly-through Cameras
Figure 6 shows the dynamic scene generation results with
long fly-through trajectories. We tested our model on both
the background dynamics (water flowing in the waterfall)
and the foreground dynamics (person walking on the path).
Compared to the initial point cloud, our model generated
perpetual dynamic scenes by exploiting the proposed scene
outpainting process. As there is no direct baseline for per-
petual dynamic scene generation, we compare our method
with the perpetual static scene generation method Wonder-
Journey [58] in Figure 7, state-of-the-art 4D scene genera-
tion model CAT4D [49] in Figure 2 and camera-controllable
video diffusion model MotionCtrl [48] in Figure 8. These
figures demonstrate that our model can better generate per-
petual dynamic scenes with 3D consistent motions by ex-
ploiting our ray outpainting model.

4.3. Scene Generation Controlled by Text
To test the controllable dynamic scene generation ability of
our model, we generated dynamic scenes from village and
volcano images with scene prompts. As shown in Figure 9,
for the village image, we control the outpainting content
by introducing two different text prompts: waterfall and
huge lake. For the volcano image, we prompted the model
to generate glacier and magma. Our model successfully
controls the perpetual dynamic scene generation with the
given scene prompts. Following the common practices in
[21, 56–58], we employed the CLIP [36] scores between
the novel view images and the input scene prompts and the
dynamic degree (DD) and factual consistency (FC) indices

Table 2. Quantitative results of 3D consistent motions. VQ,
TC and TA respectively denote the visual quality, temporal con-
sistency and text-to-video alignment matrices [12]. Our model
achieves better performance by achieving 3D consistent motions.

methods CLIP-SIM ↑ VQ ↑ TC ↑ TA ↑ FC ↑
MOTIA [46] 23.80 2.281 1.852 2.656 1.859
w/o ray info 23.12 2.562 1.984 2.672 1.977
DynamicVoyager 24.70 2.578 2.234 2.938 2.188

Table 3. Quantitative ablation studies of the proposed foreground
layer (§3.1) and background completion (§3.3) strategy.

methods CLIP-SIM ↑ VQ ↑ TC ↑ TA ↑ FC ↑
w/o fg layer 23.88 1.891 0.871 2.219 1.102
w/o bg completion 24.62 1.906 0.871 2.547 1.195
DynamicVoyager 25.48 1.977 1.031 2.562 1.320

proposed by VideoScore [12] to thoroughly evaluate the
generation quality of the video. Table 1 shows that, com-
pared to WonderJourney, our model achieves better perfor-
mance by controlling dynamic scene generation.

4.4. Ablation Study

Ray outpainting. To fairly evaluate the proposed ray out-
painting model, we conducted experiments on five scenes
containing common dynamic objects: cars, people, water
and clouds. For each scene, we sampled 16 novel view im-
ages from the generated dynamic point cloud at 16 differ-
ent timestamps along the fly-through camera trajectories.
As there are no 3D video outpainting baselines, we chose
the 2D outpainting model MOTIA [46] for comparisons.
Figure 5 shows that by introducing the ray information for
outpainting, our model successfully outpaints 3D consistent
motions at the outpainting boundaries. In this way, our ray
outpainting model achieves better performance in Table 2.

4D representation. We tested the proposed foreground rep-
resentation and background completion strategy in Figure 4
and Table 3. It can be seen that our model renders consistent
foregrounds with foreground layers and generates a plausi-
ble background with the background completion strategy.

5. Conclusion
We proposed DynamicVoyager, a new model for perpetual
dynamic scene generation, which reformulates this task as
an outpainting problem. By considering pixels as rays and
conditioning on ray depth and distance maps, DynamicVoy-
ager can generate scenes with 3D consistent motions. Ex-
perimental results demonstrate the superiority of our model.

Limitations. Challenges remain in handling reflections,
shadows, fine structures, multi-view rendering, and depth
discontinuities, which can be explored in future work.
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