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Fig. 1. 4D Gaussian Video (4DGV) for volumetric video streaming. Left: Our 4DGV representation reconstructs high-quality volumetric video content
using Group of Gaussians (GOG). Notably, the reconstructed GOGs occupy a compact size of only 1~4MB per second across diverse datasets, which can be

displayed in our web player in real-time using Github as the HTTP server.
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Online free-view navigation in volumetric videos requires high-quality ren-
dering and real-time streaming in order to provide immersive user expe-
riences. However, existing methods (e.g., dynamic NeRF and 3DGS) may
not handle dynamic scenes with complex motions, and their models may
not be streamable due to storage and bandwidth constraints. In this paper,
we propose a novel 4D Gaussian Video (4DGV) approach that enables the
creation and streaming of photorealistic, volumetric videos for dynamic
scenes over the Internet. The core of our 4DGV is a novel streamable group
of Gaussians (GOG) representation based on motion layering. Each GOG
consists of static and dynamic points obtained via lifting 2D segmentation
into 3D in motion layering, where the deformation of each dynamic point is
represented as the temporal offset of its attributes. We also adaptively con-
vert static points back to dynamic points to handle the appearance change,
(e.g., moving shadows and reflections), of static objects through optimization.
To support real-time streaming of 4DGVs, we show that by applying quanti-
zation on Gaussian attributes and H.265 encoding on deformation offsets,
our GOG representation can be significantly compressed (to around 6% of
the original model size) without sacrificing the accuracy (PSNR loss less
than 0.01dB). Extensive experiments on standard benchmarks demonstrate
that our method outperforms state-of-the-art volumetric video approaches,
with superior rendering quality and minimum storage overheads.
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1 INTRODUCTION

Volumetric videos [Broxton et aR020; Li et al2022b] are an emerg-
ing form of media that have wide applications ranging from remote
presence to holographic classrooms. The key feature of volumetric
videos is that they encode intricate 4D space-time scene information
for immersive user experiences. Therefore, pursuing high-quality,
real-time rendering combined with compact representations for ef-
cient transmission is paramount in developing online volumetric
video systems.

Existing volumetric video methods primarily rely on dynamic neu-
ral radiance eld (NeRF) [Cao and Johnson 2023; Li €2622b; Park
et al 2021] or 3D Gaussian splatting (3DGS) [Kerbl eal23]. In
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points to prevent error accumulation in motion tracking. Meanwhile,
we observe that a large portion of the scene in a video is typically
static. This motivates us to adopt motion layering to separate the
dynamic and static Gaussian points, thereby reducing the computa-
tional and storage costs associated with learning the deformation
of static points.

The main technical contribution of this paper is a novel group of
Gaussians (GOG) representation for streamable volumetric videos,
which are termed 4D Gaussian Videos (4DGVs). Each GOG consists
of dynamic and static points, where dynamic points are represented
as canonical points with time-dependent deformation o sets [Yang
et al 2024a] to model the scene motions within a time window. To ef-
ciently reuse the static points across multiple GOGs, we retain their
attributes without updates during optimizations. The dynamic/static
point separation in 3D space is achieved by the adaptive motion lay-
ering step. We rst detect raw motion masks for dynamic regions in
input frames using optical ow [Wang et al2024a], and then lever-
age semantic segmentation [Ravi et2024b] to complete and re ne
the motion masks. The 2D motion masks are lifted into Gaussian
points by optimizing a motion label parameter associated with each
point through the di erentiable Gaussian rasterization. To mitigate
the impact of inaccurate 2D motion masks and, more importantly, to
capture appearance changes like moving re ections and shadows on

order to handle dynamic scenes, deformable GS-based methods [Wu static objects, we adaptively convert static points to dynamic ones

etal 2024a; Yang et #024a,b] are recently proposed to enhance the
conventional static 3DGS [Kerbl et.&1023] by allowing Gaussian
point attributes to evolve over time. This is accomplished by pre-
dicting temporal deformation elds through implicit functions [Wu

et al. 2024a; Yang et a&2024a], or by slicing explicit 4D Gaussian
kernels [Yang et al2024b] along the temporal axis. While these
methods can support real-time rendering and deliver remarkable
visual results, they face challenges when deployed online for long
videos or scenes featuring complex motions: (irpited Scalabil-

ity. The representation capability of implicit neural deformation
elds [Wu et al. 2024a; Yang et 82024a] is constrained by their
xed model size, restricting their ability to e ectively handle lengthy
videos and complex motions. (R)psurging Storage Demands.

throughout the optimization by tracking the view-space positional
gradients of the static points.

Furthermore, we design a progressive frame-sampling strategy to
improve the accuracy of the optimized o sets for the dynamic points.
During the optimization of deformation o sets, we rst sample the
frames within a group close to the keyframe in the early training
iterations to warm up the deformation eld learning, and then the
frames that are farther from the keyframe. This strategy avoids the
di culty in predicting long-range motions for the initialized Gauss-
ian points at the early stage of the optimization, which improves
the rendering quality of objects with large motions signi cantly.

Finally, we investigate compression techniques for real-time 4DGV
streaming. We apply vector and bit quantization to Gaussian point

3DGS imposes high demands on storage due to the large number of attributes for point-cloud compaction, and H.265 encoding [Sullivan

explicit attributes associated with each point. Extending 3DGS with
temporal dimension [Duan et aR024; Yang et a2024b] will intro-

etal 2012; Sze et #014] for the compression of point deformation
o sets extracted from the learned deformation elds, achieving a

duce more severe storage challenges as more points are required to compression ratio 06%with minimal loss in rendering quality (less

represent dynamic scenes. Consequently, achieving top-notch, real-

time rendering and streamable transmission for volumetric video
applications remains a great challenge.

than 0'01dB).
Based on GOG and the technical components mentioned above,
we have developed a 4DGV system that is capable of streaming

To tackle these challenges, this paper develops a scalable andvolumetric video over the Internet. Extensive experiments on multi-

compact representation for online volumetric videos. The key con-
cept is to integrate the Group of Pictures (GOP) structure in MPEG
standard [Sullivan et al2012; Sze et a2014] as a basic compo-
nent for e ciently compressing and transmitting volumetric video
data. This approach o ers dual bene ts. First, segmenting the video
into groups keeps the memory and computational complexities at
manageable levels, providing a scalable solution for handling long
volumetric videos. Second, the group structure helps break down
complex temporal motions into piecewise functions, reducing the
complexity of motion modeling. At the beginning frame of each
group (.e, keyframe), we can adjust the distribution of the Gaussian
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ple public datasets verify the e ectiveness of our proposed 4DGV
method, against the existing dynamic scene reconstruction methods
in terms of view synthesis quality and storage e ciency, especially
for handling complex and fast motions, as illustrated in Fig. 1.

2 RELATED WORK
2.1 Volumetric Video

Creating volumetric videos for dynamic scenes has been a long-
standing research focus in the graphics and vision communities.
Early studies pursued this objective through various methodologies,
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including view interpolation [Jain and Wakimoto 1995; Zitnick et al
2004], dynamic lumigraph [Goldllcke et.&002; Schirmacher et.al
2001], scene ow [Vedula et a2000; Zhang and Kambhamettu 2001],
and geometric cuee(g, depth and textured mesh) [Broxton et.al
2020; Newcombe et.8015]. More recent approaches utilize neural
radiance elds (NeRFs) [Li et 82022b; Lin et al2022; Park et al
2021; Pumarola et 22020; Song et a2023] to render realistic novel
view images, albeit at the cost of being slow to train and render.
Despite e orts being made on acceleration usirggg, occupancy
elds [Dong et al. 2023; Wang et aR024b] and spatial factoriza-
tion [Cao and Johnson 2023; Fridovich-Keil et2023], achieving
real-time rendering is still challenging for these NeRF-based ap-
proaches.

3D Gaussian Splatting (3DGS) [Kerbl et2023] is an e cient
alternative for reconstructing and rendering dynamic scenes by
incorporating implicit deformation elds parameterized by Multi-
layer Perceptrons (MLPs) [Yang et aD24a], K-Planes [Wu et .al
2024a], and hashgrid [Sun et 2024; Xu et al2024a]. However, the
MLPs used in [Yang et a22024a] compromise the rendering speed,
while the K-Planes [Wu et aR024a] may struggle to accurately ren-
der scene details. In this context, hashgrid-based methods [Sun et al
2024; Xu et ak024a] strike a balance between rendering quality and
computational e ciency. Certain studies [Duan et a2024; Yang
et al 2024b] employ 4D Gaussian kernels to model temporal dynam-
ics. While these methods e ectively accommodate variable-length
videos with complex dynamics by extending the point densi cation
mechanism to the temporal dimension, they incur a signi cant in-
crease in the number of points and model size, requiring several
GBs for few-second reconstructions. More detailed discussions on
3DGS can be found in this survey [Wu et al. 2024b].

TGH [Xu et al 2024c] introduces a temporal hierarchy struc-
ture and achieves implicit static/dynamic separation based on de-
formation velocity. Given the whole multi-view video as input, it
demonstrates impressive performance in long video reconstruction.
However, it is di cult to directly apply video compression tech-
niques to their representation since its data organization, without
post-processing, is hot compatible with the group structure used
in video compression. In contrast, our representation is intention-
ally designed and restructured based on the group structure. It is
more friendly to video compression and able to achieve high-quality
reconstruction results even after compression. Furthermore, TGH re-
quires per-frame sparse points for initialization, whereas our method
only necessitates sparse points in the rst frame and progressively
reconstructs the scene dynamics using sequential GOGs.

There are also research works on reconstructing streamable volu-
metric videos using 3DGS. 3DGStream [Sun eR2@P4] models a
dynamic scene using per-frame deformation elds, without consider-
ing temporal coherence in optimization. STG [Li et 2D24] directly
divides the input video into multiple groups and models them inde-
pendently, causing storage redundancy and icker artifacts during
group transitions. In contrast, our method integrates incremental
reconstruction and a fade-out/fade-in operation at group boundaries
to remove the ickering. Ex4DGS [Lee et.&024c] separates the
points into fully dynamic points and linearly moving points in the
explicit Gaussian attribute interpolation. In contrast, we assume
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that static points do not move, and they only need to be stored once
and shared across multiple groups to further reduce the storage.

2.2 Motion Layering Methods

Optical ow plays a crucial role in motion layering methods [Brox
and Malik 2010; Hui et aR018; Janai et a2018; Ling et al2022;
Ren et al2019; Teed and Deng 2020; Tian and Andrade-Cetto 2024;
Weinzaepfel et al2013; Zhu et a024]. Based on 4D correlation
volume and iterative re nement, optical ow-based approaches ex-
cel at accurately estimating local motions. However, these methods
often struggle to e ectively handle long-range motions. This issue
may be mitigated via tracking-based methods [Doersch et al. 2022,
2023; Harley et ak022; Karaev et a2024; Ravi et ak024a; Sand
and Teller 2008].

Another line of methods model motions by performing a global
optimization across the entire video [Chang et @D13; Pumarola
etal 2020; Rubinstein et 22012; Sun et a2010; Vondrick et a2018].
Typical methods include omnimattes [Gu et 2023; Lin et al2023,;

Lu et al 2021; Suhail et a2023] and deformable NeRF/GS [Weng
et al 2022; Yang et a2024a; Zhu et aR024]. OmniMotion [Wang
et al 2023a] leverages NeRF [Mildenhall et2021; Pumarola et al
2020] to provide 3D supervision while incorporating a normalizing
ow network [Sun et al. 2010] to model deformations. FastOmni-
Track [Song et al2024] extends OmniMotion by integrating depth
guidance [Bhat et al2023] and DINOv2 feature [Oquab et 2D23].
MotionGS [Zhu et al2024] introduces a multi- ow approach to
guide the deformation of 3D Gaussians. letel.[2024a] propose to
combine the generative prior of video di usion models for motion
layering.

In this work, we extend 2D motion layering by lifting onto 3D
space for explicit initialization of dynamic points, and adaptively
convert static points to dynamic ones as needed. This design helps
to reduce both computation and storage overheads during the re-
construction for dynamic scenes.

2.3 Point Cloud Compression

Point clouds are a widely used 3D representation method renowned
for their ability to faithfully capture the intricate details of 3D ob-
jects. However, they su er from high storage demands, causing high
data transmission and processing overheads. Numerous e orts have
been made to develop e cient Point Cloud Compression (PCC) algo-
rithms aimed at minimizing the size of point clouds with a minimal
loss. The MPEG standard, G-PCC [ISO 2018a], employs an octree
structure for e cient compression of point cloud geometry and
attribute. DRACO [Google 2017] encodes the point attributes with
the range Asymmetric Numeral System (rANS) [Duda 2014] based
on k-D trees. V-PCC [ISO 2018b] iteratively segments a sequence of
point clouds into patches, attens the patches onto 2D images, and
utilizes existing video codecs [Kalva 2006; Sullivan eRall2; Sze

et al 2014; Wiegand et aP003] to e ciently compress attened
point cloud images. However, the patch segmentation easily leads
to projection distortions, especially for the irregular and detailed
geometry of the 3D Gaussian point clouds.

ACM Trans. Graph., Vol. 44, No. 4, Article 124. Publication date: August 2025.
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Fig. 2. 4DGV Overview . We take a multi-view video as input and employ the 4DGV representation to transform each group of input frames into a group of
Gaussians (GOG). The process involves the following stage§€4ajssian point initializatiotearns to establish static Gaussian point clouds as initialization at

each keyframe timestamp. ()lotion layering initializatiorseparates dynamic and static points, enabling static points to be shared across multiple groups.
(c) GOG reconstructiolearns to deform dynamic points for modeling scene dynamics within each frame group. The points deformed to the next keyframe
timestamp serve as initialization for the subsequent group. We further leverage the H.265 codec to encode time-dependent point deformations as multiple
MP4 tracks for e icient compression. Finally, the reconstructed GOGs are consolidated for seamless real-time streaming.

While 3D Gaussian representation can be regarded as a point each pixel is rendered by alpha-blending point colors along the ray:
cloud with geometry coordinates and a set of attributes, substan-

tial e orts have been devoted for e cient compression [Kerbl et.al ~ & ) slbcer )g = o1 11 Ug” 1)
2023]. Some methods aim to reduce redundant points using struc- 80 90

tured sca olding [Chen et al2024; Lu et a2024] and densi cation )
strategies [Fan et aR023; Mallick et al2024]. Others focus on The deformable 3DGS [Yang et ab24a] methods typically learn

compressing the spherical harmonics (SH) appearance model using temporal-varying deformation o sets of Gaussian points via implicit
distillation [Fan et al 2023], appearance grid [Chen et 8024; Lee ~ deformation elds parameterized by neural networks
et al. 2024b], vector quantization [Navanegt et 2024, .Niedermayr Xg.e Oge¢ Sgec= F 1xgo Ce
et al. 2024; Wang et ak024d], and dynamic expansion for SH de-
grees [Xu et al2024c]. Most recentlyy3 [Wang et al 2024c] adopts where indicates the o set, andandCare the indexes of Gaussian
the H.265 codec to compress dynamic Gaussian point attributes, Points and timestamps, respectively. Some other methods also let the
and achieves real-time streaming for human performance render- >8-30 vary over time. During optimization, the o sets are applied
ing. However, this method leads to relatively large compression {0 Gaussian points in the canonical space such that their rendering
loss as revealed in our experiments. In this work, we show that the results align with each video fame. The Gaussian points in canonical
H.265 codec is more e ective when applied to point deformations, SPace are jointly optimized with the deformation network.
resulting in lower compression-induced losses.
4 4D GAUSSIAN VIDEO
Given a multi-view variable-lengti2>0» 1° video stream as the
input f g.@, whereE2V is the view index, we designate a keyframe
every 30 frames and obtain frame groupg.@eov «@ > g5 1° aC-
3 PRELIMINARY cordingly, where: g indicates the keyframe timestamp. Our 4D
Our method is built upon the recent techniques of 3DGS [Kerbl Gaussian Video (4DGV) system reconstructs groups of Gaussians
et al 2023] and its extensions to dynamic scenes [Yang €2@24a]. GOG =fP :B- P:3-D; gfrom frame groups, whereP:B and P:3 rep-
3DGS employs an explicit Gaussian point cloud for scene represen- resent the sets of static and dynamic points, respectively, Bnd
tation, with each Gaussian point characterized by a set of attributes  indicates the set of deformation o sets fdp3.
fXgOersi* >3*Cglzy p, Which are its center position, rotation, scale, As shown in Fig. 2, we reconstruct GOGs in a 4ADGV through
opacity and color features represented by spherical harmonic co- a multi-stage reconstruction pipeline, and encode them using the
e cients, respectively, with8being the point index. The Gaussian  H.265 codec. Within this pipeline, the initialization of Gaussian
kernel weightUs is computed from these attributes. The color of  points and motion layering are applied to keyframe timestamps

ACM Trans. Graph., Vol. 44, No. 4, Article 124. Publication date: August 2025.



Fig. 3. Motion label image generation. Pixels with a dynamic label in

images are highlighted with colors. We use optical flow [Wang et 2024a]
to compute RAFT-labél Aossc(hlghllghted in blue), and use SAM2 [Ravi
et al. 2024b] to fill in the missing parts of the dynamic object ih B?fs

(highlighted in orange).

providing an initial Gaussian point cloudP BP3gwith dynamic-
static separation (Sec. 4.1). The initial Gaussian points at the rst
frame of the video are obtained through the standard 3DGS pipeline.
SubsequentlyP3 is deformed to model the scene motion within
each frame group (Sec. 4.2). We x the attributesRf? during the
GOG reconstruction and shate® across groups to substantially
reduce the optimization and storage costs in GOG, while allowing
P3 to be optimized, pruned, and cloned as in 3DGS. Furthermore, we
deform the Gaussian points in previous GOG to the next keyframe
as a dynamic-point initialization for the next group to incrementally
reconstruct the whole video. It can reduce the initialization time
at each group and is bene cial in reconstructing a long-duration
volumetric video.

Finally, we incorporate the quantization and compression to re-
duce the model size (Sec. 4.3).

4.1 Adaptive Motion Layering

The motion layering starts with initializing a motion label.e, static

or dynamic, for each pixel in the multi-view images of the keyframes
using 2D vision models [Ravi et £2024b; Wang et aR024a]. These
motion labels are then lifted to Gaussian points through di eren-
tiable Gaussian rasterization. Due to the attributes of static points
are xed during the latter GOG reconstruction, an adaptive static-
point conversion is applied to convert some static points to dynamic

4D Gaussian Videos with Motion Layering™ 124:5

[Wang et al 2024a]Fa o5 cto estimate the optical ow between the
multi-view images of the current keyframe and those of the next
keyframe. If the length of the ow is larger than 55 ixels, we
label it as dynamic; otherwise, we label it as static. A motion label
image can then be obtained as follows:

. AO5C
Eeg — FAOSLE«s" Evg 1’

i _A05C
However, we nd that raft motion labels™ A05Smay fail to cover
slow-moving parts of the dynamic objects in the scene, such as the
chair and the controller shown in Fig. 3. When one part of an object
is classi ed as static and another part as dynamic, it can result in
tearing artifacts in dynamic objects. Thus we enforce object-level
consistency for the motion layering labels. We select a vigyto
sample points fron' g?_i(fo query the SAM2 model [Ravi et al
2024b]Fs0<, and obtain the object-level SAM-Iabé‘I%?_Z for com-
pletion. Utilizing the memory attention mechanism in SAM2, the
" g°< for one view can be e ciently propagated to all other views,
obtaining multiview-consistent SAM-labels' B°<gEzv The mo-
tion labels for each view are formed by comblnlng the RAFT- and
SAM-labels:
" BO< _ " A05 "
FB 1 . g

3D Ln‘tmg. We lift the 2D motion labels into 3D points by associat-
ing a single-channel point motion labed g to the 8, Gaussian point
and rendering each ray |f1to 2D image pixet using alpha blend-
ing (same as Eq. 1)T = g ,)db<s The per-Gaussian motion
label< gis optimized through the standard di erentiable Gaussian
rasterizafgion pipeline by miniCr)nizing the loss, as:

w AO5C ,, BO<n
Eeg * Eesg

Eeg

S~ woo == . . 3~= . .
L< = " "d©._pae <8 <==], Bas <8 1

BV 8P 8P
where the subscript=is the nearest neighbor point indexgzeand

_E’ZZ are two balancing hyper-parameters. The rstterm supervises

the rendered point motion label§$E using the generated motion
labels" gat the corresponding views, where the group keyframe
index: is discarded for simplicity. The second term improves noise
resistance by enforcing local similarity of the point motion labels.
The last term encourage the points to have dynamic label, which is
e ective when the multiview 2D labels are inconsistent.

Adaptive Static-Point Conversidrhe lifted motion labels for
static objects are usually semantically correct. However, Since we
xed the attributes of the static points in the GOG reconstruction,
the appearance change that occurs in some regions of the static
objects, such as moving shadows and view-dependent re ections,
may not be captured well. Fig. 4 illustrates a moving shadow exam-
ple. To address this problem, we propose converting static points to

ones. The converted points are used to capture the appearance dynamic points if: (1) their screen-space positional gradients exceed

changes in static objects.

2D Motion Segmentatiofihis step aims to obtain the correspond-
ing motion label images$" g..gev . 2k at the keyframes. Due
to the static camera setting in the multi-view capture, it is straight-
forward to classify a pixel to be static if its ow vector is small
or 0. To this end, on each keyframg, we apply the RAFT model

_gg‘,?BOr (2) the proportion of dynamic points among their nearest

neighbors is greater tharl(;bj7 As a result, the attributes of the
Gaussian points in these regions can be optimized and cloned to
reduce the rendering errors. This adaptive layering strategy expands
the layering results from 3D lifting, improving the layering exibil-

ity and reconstruction quality. We observe that it also improves the

ACM Trans. Graph., Vol. 44, No. 4, Article 124. Publication date: August 2025.
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Fig. 4. Adaptive static-point conversion. Pixels with a dynamic label in
images are highlighted in blue, and with a static label in white. Although
the motion labels' g.. for view Eat keyframe: are semantically correct,
the layered static points on the table fail to model the moving shadow. This
causes artifacts ing.; . The adaptive conversion mitigates the artifacts by
extending the motion label$7¢.: 4 to cover the intended areas.

reconstruction of newly appearing objects and previously occluded
areas, which are often under-reconstructed due to their invisibility
in keyframes. The adaptive conversion is performed every 100 iter-
ations during the optimization in the GOG reconstruction, which
will be discussed in Section 4.2.

4.2 The GOG Reconstruction

Our goal is to jointly optimize the dynamic points in canonical space
P3, and the deformation o sets of dynamic poin®. in this stage
as shown in Fig. 5. For simplicity, the group indexs discarded
hereafter. The sdD contains two kinds of deformation o sets in our
system: position 0 set X, and rotation o set @, since we observe
no performance improvements by allowing point scale and opacity
to change over time in our experiments. The predicted deformation
o sets transform the8, Gaussian point in the canonical space to
corresponding framé&as:

gg.c= 0s Jg.C

We parameterize the deformation elds with a 4D-hashgrid [Xu
et al. 2024a] considering its faster convergence over MLPs [Yang
et al 2024a] and the larger representation capacity over K-Planes
[Wu et al. 2024a]. The 4D-hashgrid consists of 1 spat@t and
3 spatial-temporal&~3G1C~IQ hashgrids. We set th€axis at a
relatively lower resolution due to the temporal smoothness of the
deformations. The concatenated grid features from four grids are
then decoded into deformation o sets by multi-head tiny MLPs.

Xg.C= X8, X8C

Loss Function§.he GOG reconstruction is optimized by the fol-
lowing loss terms: photometric lods\ g4, as-rigid-as-possible (ARAP)
loss! pa07 and temporal smoothness losg4<7. The photometric
loss is calculated between the rendered imagend the ground
truth video frames :

Lagi=*1 ° 7, _!3ppgd*™

Inspired by [Duan et al2024; Huang et a024], we employ regular-
ization to encourage spatial-temporal local smoothness in motion
modeling. First, as we expect the adjacent dynamic points to share

ACM Trans. Graph., Vol. 44, No. 4, Article 124. Publication date: August 2025.
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Fig. 5. The GOG reconstruction We employ the 4D-hashgrid [Xu et al
2024a] to model the deformation of the layered dynamic points, and correct
false-static points during optimization.

similar deformation at each deformation timestamp, we apply the
ARAP loss as:

Loao?= 0g.Cc O==c, 3BC 3IF=C
, kxg x==k Xg, Xg.c X== X==eC *
3.c=Xg, Xg.c Ra.cXge

where 3 denotes the point translation o set, the subscriptis
the index of the nearest neighbor point,Ris the matrix form of g,
andx is a row vector. While the rst and second terms encourage
consistent rotation and translation o sets between neighbors, the
third term maintains the local metric length. Second, to force the
deformation of each point to be linearly smooth during a short time
window >C+®in the temporal dimension, we apply c4<> as:

Lcacr= 11 X Xg.g X Xge& Xgoox:@® @

.11 X ggec X Ggee Ogecxi@ @ °

whereX 2 10:1° is a random perturbation. This temporal smooth
lossL c4<7 encourages constant velocity for both the point position
and rotation. The whole optimization loss is formed as:

L =Las1, _0A0d 0A07, _ca<il ca<r

where_pap?and_c4<> are two balancing hyper-parameters.

Progressive Frame SampliBgiring the optimization of the GOG
reconstruction, we progressively sample frames from near to far
during the rst # training iterations. This helps warm up the defor-
mation eld learning and improves long-range motion reconstruc-
tion as demonstrated in Fig. 9. The possibility of timesta@ipeing
sampled in iteration 2 10 #Yis:

pime@s | 20— Pioee = 1 ifC b) =e#c
- _l)gzo?olz.g; T 0 else

where) is the group length. We set to half of the total training it-
erations, and evenly sample timestamps in the remaining iterations.

4.3 The GOG Compression

In this section, we describe how to apply vector quantization, bit
quantization, and H.265 encoding to compress GOG, signi cantly
reducing its storage to allow online transmission at the cost of
minimally reduced rendering quality.
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4.4 Real-Time Rendering

The rendering of 4DGV on each timestamps follows the Gauss-
ian rasterization pipeline in 3DGS [Kerbl et.&023]. We deform
the dynamic points in canonical spade3 to the corresponding
timestamp by applying the deformation o set®. . The deformed
dynamic points are concatenated with static poirfe® to render

the complete scene. To smooth out sudden changes during group
transitions, we introduce an overlapping window between groups
for seamless rendering. Within this window, we linearly scale the
opacity of P3 from one to zero for fade-out, while simultaneously

scaling the opacity oP3 1 from zero to one for fade-in.

Gaussian Point QuantizatioAs shown in Fig. 6, we use di erent We have also implemented an online web player for 4DGV based
quantization techniques for static and dynamic Gaussian points in - on WebGL, which supports real-time streaming playback over the In-
the canonical space. We rst quantize their 32-bit Gaussian point ternet using PCs, pads and mobile phones. However, since the paral-
attributes infloat  format fge>erc;gg g using fewer bits to reduce  |g| pre x sum used in CUDA implementation in 3DGS is not available
the model size. 8 bits are used for attributes with a small range of j, WebGL, we rely on converting each Gaussian point into a quadri-
values, includingy, >, ands. Fors, we evenly discretize the value in  |ateral for the rasterization using shaders as in Splat [Kwok 2023].
the range of2 =-18C1vtimes the scene scale. In practice, we nd |t results in slightly di erent rendering results in the web player,

that=_18G 12is su cient to quantize s for medium-sized scenes.  comparing to the CUDA-based Gaussian rasterization pipeline.
The ranges of the quantized attributes are all recorded for recovery.

Second, the 3rd-order SH used in 3DGS [Kerbl e2@P3] cor- 5 EXPERIMENTS

responds to48float coe cients, which imposes a high storagé  \ye implement our 4DGV approach and conduct all experiments on a
requirement for the Gaussian point cloud. While the 3-order color single NVIDIA RTX 4090 GPU, achieving state-of-the-art rendering
features can be divided into two parts: the base catt?®*2 R quality while signi cantly reducing the model size. As an example,
and the high-order coe cientsc"*®2 R*, we empirically ndthat  our method achieves an average 4DGV video size of 21.2 MB on
cA*BGccounts for 94% of the storage in the color representation Ney3DV [Li et al2022b] dataset, and the videos contain initial points
but contributes only ~15% to the outgoing radiance energy. Hence, of 3.6 MB for the rst frame and streamable GOGs of 1.76 MB per
we apply vector quantization ta**®%o signi cantly reduce the second on average. Moreover, the adaptive motion layering labels
model size. Speci cally, we cluster similaf*®@nd compute the 25 496 points as dynamic on this dataset, reducing the computation
corresponding cluster centers for rendering. An integer cluster in- 54 storage cost of the deformations By . We report comparisons,
dex is assigned to each Gaussian point to locate its closest C|U5tercompression performance, and ablation studies in the following.

center in a small codebook of sizee@Our experiments reveal that  jore details and results can be found in the supplementary le and
#Ee@= 1024is enough to produce high-quality rendering results. video.

Fig. 6. Gaussian point quantization. We use bit quantization to discretize
the floating point values off ge >+ ct984g, and apply vector quantization
to e iciently store high-order SH coe icientsc®4BGn a small codebook.

Deformation Encodingince the deformation o sets of points . .
(comprising x and q) are time-varying high-dimensional o set 5.1 Implementation Details
features, we apply H.265 video compression codec [Sullivan.et al For the group initialization, we train the rst group with 20k itera-
2012; Sze et #2014] to the o sets by organizing them into 2D o set tions, while subsequent groups utilize 5k for fast re nement. The
maps at each timestamp using Morton sorting [Morton 1966]. The 3D lifting of motion labels are trained for 400 iterations per group,
deformation o sets within a group are typically in a small range, and the GOG reconstruction with deformation is trained for 400
making them highly resilient to bit quantization in H.265 encoding.  iterations per frame. While most hyperparameters from Gaussian
After Morton sorting using deformation o sets, each dynamic  rasterization [Kerbl et al2023] and 4D-hashgrid [Xu et #024a]
point is assigned with a 2D pixel position, e ciently mapping the have been retrained, we have made adjustments by increasing the
3D point cloud structure to the 2D image space. The deformation opacity culling threshold td05to suppress oaters and a lighter
o sets are stored in the corresponding pixel, forming the o set ~MLP deformation decoder for improved computational e ciency.
maps containing 3-channelx and 4-channel g. As x is crucial The default length of frame groups is set to 30 and use 5-frame
for preserving the rendering quality, we follow [Wang et £024c] overlapping window between groups for smooth transition. Other
to quantize it using 16 bits and then splitting its high and low halves  hyperparameter settings are detailed in the supplementary material.
into two 8-bit RGB images. Forg, we use 8-bit grayscale images . .
to quantize each of its channels and concatenate the four images -2 Evaluation Se ings
into one. Evaluation Dataset$\e have conducted evaluations of our method
The quantized o set images are then compressed using the H.265 on three public datasets for multiview dynamic reconstruction:
codec into three 8-bit MP4 tracks: high-ordex, low-order x, and Neu3DV [Li et al 2022b], MeetRoom [Li et a2022a], and Tech-
the concatenated g. The high-order x is encoded losslessly and  nicolor [Sabater et al2017]. Our evaluation follows established
the latter two are compressed using a Constant Rate Factor (CRF)evaluation conventions, except using all available frames in the
value of 20. Technicolor dataset instead of limiting the evaluation to 50-frame
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Table 1. antitative comparisons on the MeetRoom [Li et al . 2022a], Technicolor [Sabater et al . 2017], and our DeskGames datasets. We report
the PSNR, SSIM, and LPIPS metrics, along with the model size (in MB), to evaluate both rendering quality and storage e iciency. The reported scores are
computed using their released code.

Methods MeetRoom Technicolor DeskGames

PSNR' SSIM'" LPIPS$ Size# | PSNR' SSIM' LPIPS# Size# | PSNR' SSIM' LPIPS# Size#
Grid4D [Xu et al. 20243] 30.65 0.948 0.163 297 | 30.37 0.888 0.210 378 | 26.29 0.863 0.228 334
STG [Li et al. 2024] 29.51 0.932 0.209 714 32.35 0905 0.186 436 | 28.35 0.902 0.190 396

3DGStream [Sun et al. 2024] 30.88 0.947 0.186 2287 25.48 0.708 0.446 261 30.51 0.917 0.173 2243
Ex4DGS [Lee et al. 2024c] | 31.03 0.946 0.186 75.0 31.33 0.888 0.229 365 2948 0.906 0.180 386
4DGS [Yang et al. 2024b] 3194 0.953 0.177 2196 28.92 0.798 0.347 307 30.11 0.905 0.199 2616

V3 [Wang et al. 2024c] 26.12 0.864 0.317 81,8 25.08 0.746 0.340 199 26.05 0.830 0.267 225
Ours 3231 0957 0173 19.2 | 31.77 0.893 0.197 40.2 | 30.89 0.920 0.168 345
Table 2. antitative comparisons on the Neu3DV [Li et al .2022b] Table 3. antitative comparisons on long videos . We report the PSNR,

datasets with 14 baselines. We report the PSNR, model size (in MB),  and model size (in MB). Metrics are collected from TGH [Xu et2024c],
reconstruction time (in mins), and rendering FPS on average. The metrics except for ours. : per-frame reconstruction.
are extracted from original papers: metrics only on the5 ;0<4_BO0;<>=

scene. Neu3DV MobileStage ENeRF-Outdoor
Methods | (1200 frames) (1600 frames) (1200 frames)

Methods ‘ PSNR Size Time FPS PSNR' Size# | PSNR' Size# | PSNR'  Size#
DyNeRF [Li et al. 2022b] 29.58 28 80640 0.015 ENeRF 23.48 830 19.14 1400 25.02 780
StreamRF [Li et al. 2022a] 28.26 9420 75 8 3DGS 28.61 3750¢ 28.02 106000 24.02 115000
NeRFPlayer [Song et al. 2023] 30.69 5134 3600 0.05 4DGS 28.89 2680 23.22 1830| 24.64 2450
HyperReel [Attal et al. 2023] 31.10 360 2.0 TGH 29.44 90 27.29 420 24.74 310
K-Planes [Fridovich-Keil et al. 2023] 31.63 311 108 Ours 29.26 58 28.21 193 25.81 255
MixVoxels-X [Wang et al. 2023d] 31.73 500 300 4.6
MSTH [Wang et al. 2023b] 3237 135/ 20 15
4DGaussians [Wu et al. 2024a] 31.15 90 40 30
Grid4D [Xu et al. 2024a] 31.49 )
STG [Li et al. 2024] 3205 200 100 140 mehtods in Tab_le 1. We have reported the results of our method on
Ex4DGS [Lee et al. 2024c] 3211 115 36 121 the complete videos in Table 5.
4DGS [Yang et al. 2024b] 32.01 114
4DRotorGS [Duan et al. 2024] 31.62 60 | 277 Baselines and Metricé/e rst compare with six latest methods
3DGStream [Sun et al. 2024] 31.67 2430 60 215 (i.e, Grid4D [Xu et al 2024a], STG [Li et a024], Ex4DGS [Lee
Ours 3255 21 73 185 et al. 2024c], 4DGS [Yang et 8024b], 3DGStream [Sun et 2D24],

and V3 [Wang et al 2024c]) on the MeetRoom [Li et.£022a],
Technicolor [Sabater et a2017], and our DeskGames datasets, by
using their o cial codes and default con gurations. Note that we
fragments as done in previous methods. As the aforementioned constrain the maximum point number t84° for 4ADGS [Yang et al
three datasets typically contain only 200 300 frames, we have fur- 2024b] to avoid out-of-memory issues on the testing GPU with 24GB
ther evaluated and compared our method on longer video sequences: VRAM.V3 [Wang et al 2024c] is proposed for human performance
the Flame Salmoscene with 1,200 frames from the Neu3DV dataset, rendering and use NeuS2 [Wang et 2D23c] to initialize keyframe
the Dance3vith 1,600 frames from the MobileStage [Xu et2024b] point cloud. We initialize it using 3DGS [Kerbl et.&d023] instead,
dataset, and three scenes with 1200 frames from the ENeRF-Outdooras NeuS2 cannot handle scene-level reconstruction. We then com-
[Lin et al. 2022] dataset. pare our method with 14 existing volumetric video methods on
Furthermore, we have created the DeskGames dataset to estab-the widely-used Neu3DV [Li et aR022b] dataset. Their results are
lish a more challenging benchmark for evaluation. We use a syn- directly obtained from original papers. Finally, we compare to EN-
chronized multiview system with 21 forward-facing cameras for eRF [Lin et al2022], per-frame 3DGS [Kerbl et aD23], 4DGS [Yang
capturing scenes at a resolution #560 1440 The dataset com-  etal 2024b], and TGH [Xu et a2024c] on long video sequences from
prises three scened)14- , ><8=>:, and*#$ - ), each spanning the Neu3DV, MobileStage [Xu et.&024b], and ENeRF-Outdoor
6,000 frames and featuring relatively fast motions and frequent in- [Lin et al. 2022] datasets.
teractions between objects. In line with established practices [Li We use three metrics to measure the rendering quality: the Signal-
et al 2022a,b], we have designated the centrally locatath7as to-Noise Ratio (PSNR), Structure Similarity Index Measure (SSIM),
the test view. Note that 6,000 frames pose a challenge for existing and Learned Perceptual Image Patch Similarity (LPIPS). We also
methods, we have extracted four 300-frame clifi314d, ><8=>, report the model size, reconstruction time, and FPS for comparisons.
'4038=6 and*#$ ) to form a subset for comparison with exisitng  The metrics of each dataset are averaged over all selected scenes.

ACM Trans. Graph., Vol. 44, No. 4, Article 124. Publication date: August 2025.
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Fig. 7. alitative comparisons on fast motions. Our method reconstructs objects under challenging fast motions accurately, where previous methods
tend to produce blurry results.

Fig. 8. alitative comparisons on newly appeared objects. Our method renders newly emerging objects of high quality, while previous methods result
in incomplete reconstructions.
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