


Figure 2. Comparison of 4D Representations. 1) Deformation-
based representation stores a 3D Gaussian in a canonical space and
its deformation along a long time horizon. and 2) 4D Gaussian
representation which models a windowed spacetime region. We
propose 3) GIFStream by adding time-dependent feature streams
on top of deformation-based representation, improving its capacity
while maintaining temporal alignment for efficient compression.

tion. Moreover, the 4D Gaussian primitives are discretely
distributed across the 4D space, lacking correspondences
between different primitives. This limits compression effi-
ciency, since temporal redundancies could not be effectively
eliminated without temporal correspondence.

In this work, we propose GIFStream, an effective rep-
resentation capable of capturing highly dynamic content
while supporting efficient temporal compression. Our key
idea is to incorporate an adaptive sparse feature stream
into deformation-based methods, enhancing their ability
to model complex motion while enabling efficient immer-
sive video compression through the inherent temporal cor-
respondence as shown in Fig. 2 right. Specifically, our
canonical space consists of a set of anchor points follow-
ing Scaffold-GS [25]. The key to GIFStream is that each
anchor consists of a time-independent feature and a time-
dependent feature stream, both are combined to predict
time-dependent 3D Gaussian primitives at various times-
tamps, facilitating the capture of fast motion. While adding
the feature streams increases the parameter size, they are
learned in a motion-adaptive manner and hence can be
easily pruned for static regions. Furthermore, it allows
for efficient compression by leveraging the temporal corre-
spondence information. To effectively compress the whole
representation, we sort both time-independent and time-
dependent features into two distinct video sequences, en-
abling applying different video codecs including VVC and
learning-based methods. For optimal compression effi-
ciency, we train our representation with quantization aware
training and jointly train an auto-regressive entropy estima-
tion network to conduct End-to-End compression.

To evaluate GIFStream, we conducted experiments
on several challenging dynamic datasets, comparing our
method with other 4D representation and compression tech-
niques. The results indicate that GIFStream can efficiently

represent highly dynamic 1080p immersive videos at a bit
rate of 30 Mbps, which is comparable to that of 4K 2D
videos. Furthermore, GIFStream achieves an optimal bal-
ance between quality and storage requirements, while en-
abling fast decoding and rendering on the RTX 4090 GPU.

2. Related Work

NeRF-based Dynamic Novel View Synthesis:  Synthe-
sizing novel views of a dynamic scene is a challenging
task. Inspired by the success of the Neural Radiance Field
(NeRF) [28], several approaches attempt to extend it to dy-
namic scenes. Deformation-based works [22, 32] construct
deformation field to adjust the sampled query points for a
specific time. Kplanes [9] and Hexplanes [4] propose to di-
rectly construct 4D feature space and query the correspond-
ing feature for specific time and space positions. Nerf-
player [35] combines the two by deforming a static field and
add a time variable field like the second line. This combina-
tion improves the ability to capture new elements compared
to pure deformation methods while also reducing redun-
dancy. Inspired by NeRFPlayer, we propose incorporating
time-dependent features to predict 3D Gaussian primitives
at each timestamp, achieving higher quality while maintain-
ing small storage requirements by further exploiting com-
pression techniques.

3DGS-based Dynamic Novel View Synthesis: As
3D Gaussian Splatting achieves great quality and render-
ing speed, similar ideas are applied to extend 3D Gaus-
sian Splatting to dynamic scenes. 4D Gaussian Splatting
(4DGS) methods [6, 23, 42] keep Gaussian primitives in
4D space, with each primitive capturing a localized period
in time and space. As illustrated in Fig. 2, these meth-
ods can be viewed as 3D Gaussian spanned over learned
time periods. This yields a high capability to model dy-
namic scenes but at the cost of large storage. Another line
of work [1, 11, 13, 16, 41, 43], as illustrated in Fig. 2 left,
basically applies deformation idea. The long-term tracking
for all frames reduces the temporal redundancy but faces
challenges in modeling complex dynamic content due to
limitations in the deformation field’s capacity. Our repre-
sentation demonstrates a greater ability to capture dynamic
scenes compared to existing deformation methods, and it is
more compression-friendly than 4DGS due to its temporally
aligned structure.

Compression for NeRF-based Methods:  NeRF has
emerged as a promising solution for immersive video, lever-
aging compression techniques to balance quality and stor-
age efficiency effectively. Related works consistently in-
tegrate quantization, transform coding, and entropy coding
methods to optimize compression performance. Early ef-
forts focused primarily on static scenes. VQAD, Masked
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