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1. Supplemental Video
We strongly recommend the reader to watch our sup-

plemental video, hosted at the project website: https:
//neural-3d-video.github.io/, to better judge
the photorealism of our approach at high resolution, which
cannot be represented well by the metrics.

The supplemental video includes:

• 3D video synthesis results on various dynamic scenes
including challenging dynamic topology change fast
motion, view-dependent effects such as specularity
and transparency, varying illuminations and shadows,
and volumetric effects such as steam and fire;

• A short presentation on the method (the DyNeRF rep-
resentation and the efficient training method);

• Video comparisons to baseline methods: NeRF-T,
DyNeRF-noIS, LLFF [4], NeuralVolume [3];

• Visualization of the estimated geometry (rendered as
depth maps);

• Slow-motion and bullet-time effects by our DyNeRF;

• More results on more challenging indoor scenes;

• Results on immersive video datasets [1];

• Demonstration of interactive playback of our 3D
videos in commodity VR headset Quest 2 using lay-
ered meshes distilled from our pretrained DyNeRF
model;

• Limitation of our results on more challenging outdoor
scenes.

2. Datasets
Details on the capture setup. We build a mobile multi-
view capture system using 21 GoPro Black Hero 7 cameras,
as shown in Fig. 2. For all results discussed in this paper, we
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capture videos using the linear camera mode at a resolution
of 2028×2704 (2.7K) and frame rate of 30FPS. The multi-
view inputs are synchronized by a timecode system, and the
camera intrinsic and extrinsic parameters are obtained by
COLMAP [6] and are kept the same throughout the capture.

Our collected data can provide sufficient synchronized
camera views for high quality 4D reconstruction of chal-
lenging dynamic objects and view-dependent effects in a
natural daily indoor environment, which did not exist in
public 4D datasets. Our captured data demonstrates a va-
riety of challenges for video synthesis, including objects
of high specularity, translucency and transparency. It also
contains scene changes and motions with changing topol-
ogy (poured liquid), self-cast moving shadows, volumetric
effects (fire flame), and an entangled moving object with
strong view-dependent effects (the torch gun and the pan),
various lighting conditions (daytime, night, spotlight from
the side), multiple people moving around in open living
room space with outdoor scenes seen through transparent
windows with relatively dark indoor illumination. We vi-
sualize one snapshot of the sequence in Fig. 1. Unless oth-
erwise stated, we use keyframes that are 30 frames apart.
In total, we trained our methods on a 60 second video se-
quence (flame salmon) in 6 chunks with each 10 seconds
in length, five other 10 seconds cooking videos captured
at different time with different motion and lighting, and
one 25 seconds video in indoor videos in 5 chunks. We
also trained a few additional videos of outdoor scenes in
chunks of 5 seconds with denser keyframes, which are 10
frames apart. In the end, we employ a subset of 18 cam-
era views for training, and 1 view for quantitative evalua-
tion for all datasets except one sequence observing multiple
people moving, which only uses 14 cameras views for train-
ing. We calculate a continuous interpolated spiral trajectory
based on the training camera views, which we employ for
qualitative novel view evaluation.

We found that the GoPro linear FOV mode sufficiently
well compensates for fisheye effects, thus we employ a pin-
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