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We organize the supplementary material as follows.
• §1 provides an additional video for better visualization
of the generated dynamic scenes, implementation code of
DynamicVoyager, and a table of notations used in the paper.
• §2 presents more implementation details of the proposed
ray outpainting model and 4D point cloud reconstruction.
• §3 introduces the details of the background completion
strategy.
• §4 presents more scene generation results and details of
camera-controllable video diffusion model MotionCtrl [4].

1. Video, Code, and Notation Table

We encourage readers to watch the video in the supplemen-
tary material to better understand our visualization results.
Moreover, we provide the implementation code in the sup-
plementary material; our code and pretrained models will
be publicly available. For convenience, we summarize the
notations in the paper in Table 1.

2. Implementation Details

We present further implementation details and the dataset
filtering process here.

Scene generation details. Inspired by WonderJourney [5],
we adjust the depth maps with SAM [1] to promote spatio-
temporal consistency of the depth for each object in the
scene.

Dataset filtering process. We used the keywords in Table 2
to filter videos in OpenVid [2]. After filtering, we randomly
selected 5 × 103 videos to fine-tune our video outpainting
models.

3. Background Completion

As described in the method section of the main paper, in
practice, we find that background regions occluded by the
dynamic foregrounds can become exposed when render-
ing the dynamic scene with a fly-through camera trajectory.
Since these regions are fully occluded by the foregrounds

under camera pose Π(i), the missing parts cause inconsis-
tent colors in 3D when rendering the dynamic scene with
fly-through cameras. To address this issue, we propose to
employ our outpainting model to fill the missing colors in
the background. More specifically, after obtaining the fixed
viewpoint video I(i), the depth maps D(i) and foreground
masks M (i), we obtain the background video I(i,b) by em-
ploying foreground masks on the video I(i). For the regions
occluded by the foreground in the video I(i,b), we sample
the ray information following (5), (6) and (7) in the main
paper. Then we exploit our ray outpainting model to in-
paint the video colors at the occluded regions with the sam-
pled ray information. After that, we obtain the background
depths of these regions with a depth estimation model [3]
and reconstruct the background point cloud on these re-
gions. Finally, we merge these occluded background point
clouds into our dynamic scene point cloud.

4. More Dynamic Scene Generation Results

Space-time interpolation. Figure 1 presents visualizations
of space-time interpolation results. In this figure, a cartoon
cat is playing guitar with moving clouds. It can be seen
that our model successfully renders dynamic scenes with
fly-through cameras, while WonderJourney [5] only inter-
polates in the static scene.
Controllable scene generation. Figure 2 reports additional
results on controllable scene generation. We control the vil-
lage scene to generate cascade waterfall and huge
lake separately. It can be seen that our model successfully
controls scene generations with fly-through cameras.
MotionCtrl comparison details. We chose to compare
with MotionCtrl [4], which is a camera-controllable video
diffusion model presented in the figure of the main paper.
As MotionCtrl only generates videos from text prompts, we
use the first frame generated by MotionCtrl as the input of
our model. To test the camera control performance in the
MotionCtrl model, we evenly sample 16 camera transla-
tions from [0, 0, 0] to [0, 0, 40] and introduce them into Mo-
tionCtrl models. The results are shown in Figure 3. As Mo-
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Table 1. Notations.

Notation Description
Π(i) Camera pose for the ith view
I(i) Video frames at pose Π(i): {I(i)

t ∈ Rh×w×3}N−1
t=0

I
(i)
t Video frame at timestamp t and pose Π(i)

D(i) Depth maps at pose Π(i): {D(i)
t ∈ Rh×w}N−1

t=0

D
(i)
t Depth map at timestamp t and pose Π(i)

M (i) Binary foreground masks at pose Π(i): {M (i)
t ∈ {0, 1}h×w}N−1

t=0

M
(i)
t Binary foreground mask at timestamp t and pose Π(i)

P(i) 4D point cloud constructed until pose Π(i)

P(i)
t 4D point cloud at timestamp t constructed until pose Π(i)

p Point in 4D point cloud: p = (x, t, c) with position x, timestamp t, color c
x 3D position of a point, x ∈ R3

c Color of a point, c ∈ R3

P(i,f),P(i,b) Foreground, background point cloud until pose Π(i)

I(i,f), I(i,b) Foreground, background video frames at pose Π(i)

D(i,f),D(i,b) Foreground, background depth maps at pose Π(i)

ϕ Mapping function from 2D image and depth to 3D point cloud
φ Image rasterization function
Î(i) Rasterized (partial) video at pose Π(i) given point cloud P(i−1)

D̂(i) Rasterized ray depth maps at pose Π(i) given point cloud P(i−1)

M̂ (i) Binary masks for observed regions in rasterization at pose Π(i)

r(i)(x, y) Unit-norm ray vector from camera origin at pose Π(i) to pixel (x, y)
o(i) Camera center of pose Π(i)

distr2p Distance function between a ray and a point
D̄

(i)
t Distance map between rays and point cloud at timestamp t
s Scene prompt describing desired motion
zτ Noisy video at noise step τ
θv Training parameters of video diffusion model
θc Training parameters of ControlNet

Table 2. Filter keywords.

mountain, forest, river, lake, ocean, canyon, meadow, hill, city, trees, cloud, wind, nature
grassland, beach, snow, waterfall, stream, wildlife, pond, dunes, island, rainforest, sunset, sunrise, storm, rain, thunderstorm

keywords snowstorm, lightning, rainbow, twilight, dawn, dusk, star, aurora, moon, downtown, skyline, street, road, pedestrians, crowd
transport, bridge, tower, skyscraper, urban, bustling, bus, metropolis, coast, beachfront, harbor, port, pier, boat, yacht

dock, marina, waterfront, seaside, swimming, surf, sailboat, sun, shore, tidal, waves, bay, lagoon, village, town, countryside
rural, greenhouse, sunflower field, landscape, sky, lake, water, sea, seas, cityscape, pedestrian, pedestrians, cars, traffic, people

tionCtrl learns from training videos with relatively limited
camera movements, it fails to generate videos with large
camera motions.
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Figure 1. Space-time interpolation comparisons between DynamicVoyager and WonderJourney [5].

Figure 2. Controllable scene generation from input images with scene prompts. Given an image as input, DynamicVoyager successfully
controls the dynamic scene outpainting content with the corresponding text prompt.
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Figure 3. Detailed results of MotionCtrl [4] with large camera translation inputs. It can be seen that the model fails to generate videos with
large camera motions.
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