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Abstract
For highly immersive mobile volumetric video streaming, it
is essential to deliver photo-realistic full-scene content with
smooth playback. Unlike traditional representations such as
point clouds, 3D Gaussian Splatting (3DGS) has gained at-
tention for its ability to represent high-quality full-scene 3D
content. However, our preliminary experiments show that ex-
isting methods for 3DGS-based videos fail to achieve smooth
playback on mobile devices. In this paper, we propose Vega,
a 3DGS-based photo-realistic full-scene volumetric video
streaming system that ensures real-time playback on mobile
devices. The core idea behind Vega’s real-time rendering is
object-level selective computation, which allocates computa-
tional resources to visually important objects to meet strict
rendering deadlines. To enable mobile streaming based on
the selective computation, Vega addresses two challenges: (1)
designing an encoding scheme that optimizes the data size
of videos while being compatible with object-level prioritiza-
tion, and (2) developing a rendering pipeline that efficiently
operates on resource-constrained mobile devices. We imple-
mented an end-to-end Vega system, consisting of a streaming
server and an Android application. Experimental results on
commodity smartphones show that Vega achieves 30 frames
per second (FPS) for full-scene volumetric video streaming
while maintaining competitive data size and visual quality
compared to existing baselines.
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1 Introduction
Mobile volumetric video streaming allows users to explore
3D videos from free viewpoints on their mobile devices, pro-
viding immersive and interactive experiences. Due to its
highly immersive nature, volumetric video has been gaining
attention for various applications in mobile virtual reality
(VR) and mixed reality (MR), including real-time remote
collaboration [40], immersive education [9], and virtual en-
tertainment [6].

For a fully immersive experience, mobile volumetric video
streaming should deliver photo-realistic full-scene videos
with smooth playback. However, conventional mobile volu-
metric streaming [14, 15, 24, 25, 28, 29, 44, 47], which uses
fixed representations such as point clouds, has limitations
in both achieving photo-realism and delivering full-scene
videos. Fixed representations inherently suffer from spatial
discontinuities, especially when the density is low or when
objects appear close to the viewer, resulting in a degrada-
tion in photo-realism. Moreover, these solutions primarily
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focus on object-based videos that include only one or a few
objects without surrounding environments; as a result, they
fail to handle the complexity of full-scene videos, which
contain multiple objects, surrounding environments, and
backgrounds [50].

Recently, 3D Gaussian Splatting (3DGS) [19], a promising
novel view synthesis technique, has emerged as an attrac-
tive solution for volumetric videos due to its capability to
represent photo-realistic 3D full-scene content. Compared to
Neural Radiance Fields (NeRF) [31], which is another view
synthesis technique, 3DGS shows considerably less render-
ing overhead. However, dynamic scenes represented with
3DGS contain substantial amounts of data; thus, numerous
studies [27, 38, 45] have focused on optimizing the data size
of dynamic 3DGS content.

Despite the superiority of 3DGS in photorealism and full-
scene capability, adapting the technique for mobile volumet-
ric video streaming—ensuring smooth playback at consistent
frame rates, such as 30 frames per second (FPS)—remains
a significant challenge. Our preliminary experiments show
that even an approach that explicitly represents 3DGS for
every frame—without applying data compression and thus in-
curring no decoding overhead—fails to achieve 30 FPS render-
ing for full-scene volumetric videos. Moreover, if additional
computations are introduced for data size optimization, as
in existing dynamic 3DGS methods, the decoding overhead
inevitably increases, making smooth playback even more
difficult to achieve. Therefore, a new approach is needed for
3DGS-based mobile volumetric video streaming—one that
optimizes data size while simultaneously ensuring real-time
rendering.

In this paper, we introduce Vega, a mobile streaming sys-
tem for photo-realistic full-scene volumetric videos with
3D Gaussian splatting. The primary goal of Vega is to en-
sure smooth playback (i.e., 30 FPS) for real-time render-
ing while optimizing data size and video quality. As ren-
dering all Gaussians on mobile devices cannot meet tar-
get frame rates, Vega introduces object-level selective com-
putation, allocating computational resources primarily to
Gaussians associated with visually important objects. Realiz-
ing this approach introduces two key technical challenges.
First, existing data-size optimization methods for dynamic
3DGS [27, 30, 38, 43, 45] are incompatible with selective
prioritization because they operate at the Gaussian level
without providing object-level information. A new encoding
method is needed to optimize data size while considering
object-level computation. Second, designing an efficient ren-
dering pipeline for mobile devices remains challenging. Such
a pipeline must assess the visual importance of objects in
real time and efficiently utilize the limited computational
resources of mobile devices.

To address the challenge of encoding, Vega introduces a
mobile-friendly 3DGS video encoding scheme optimized for
object-level selective computation. This scheme segments
a scene into multiple semantically meaningful objects and
adopts an adaptive group-of-volume (GOV) structure, allow-
ing residual frames to efficiently reduce data size by exploit-
ing object-level data from key frames. The scheme further
optimizes data size through hierarchical color encoding and
dynamicity-based object filtering techniques, which improve
compression for both color-related and non-color attributes.
To tackle the challenge of rendering pipeline, Vega proposes
a view-adaptive rendering pipeline that effectively reduces
computations by selectively rendering Gaussians based on
viewpoint relevance and object dynamicity. This pipeline em-
ploys object-level early culling, removing objects not visible
in the current view in advance, and introduces a priority-
based task scheduling method, effectively utilizing the avail-
able processors on mobile devices, such as CPU, GPU, and
NPU, to further enhance rendering efficiency.

The key contributions of Vega are as follows:
• To the best of our knowledge, Vega is the first endeavor
to leverage 3DGS in providing photo-realistic full-scene
volumetric video streaming for mobile devices.

• Vega enables real-time rendering of 3DGS-based videos on
mobile devices through object-level selective computation,
featuring a mobile-friendly 3DGS video encoding scheme
and a view-adaptive rendering pipeline.

• We developed an end-to-end Vega prototype with a stream-
ing server and an Android application, demonstrating su-
perior performance over state-of-the-art methods in real
mobile device experiments.

2 Background and Motivation
2.1 Volumetric Video Representations
Volumetric videos offer the highest degrees of freedom (DoF),
providing highly immersive experiences for users. Tradi-
tional 2D videos have fixed viewpoints, while 360-degree
videos support rotation of viewing directions described by
yaw, pitch, and roll, providing three degrees of freedom
(3DoF). In contrast, volumetric videos allow users to freely
change viewing directions and positions (X, Y, and Z), thus
offering six degrees of freedom (6DoF) [42]. To represent
such immersive videos, various representation techniques,
including point clouds, meshes, NeRF, and 3DGS, have been
proposed [11].
These representation techniques can be categorized into

fixed representations and learnable representations depend-
ing on whether they require training during scene re-
construction. Fixed representations, such as point clouds,
meshes, and voxels, store and represent 3D space directly
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Figure 1: Characteristics of conventional mobile

volumetric video streaming.

without additional training. In contrast, learnable representa-
tions, such as NeRF and 3DGS, require training processes to
optimize structural features of the 3D data, resulting in supe-
rior visual quality compared to fixed representations. NeRF
and 3DGS are methods for novel view synthesis, requiring
multiple RGB cameras capturing the scene from different
angles. The captured data are divided into training and test
camera images to learn and represent the 3D space.

Representation techniques can also be classified as explicit
or implicit. Explicit representations, such as fixed represen-
tations and 3DGS, explicitly store individual data elements,
such as position, color, or other attributes, using explicitly
defined values or functions. In contrast, implicit representa-
tions, such as NeRF, represent 3D spaces using neural net-
works as implicit functions without directly storing indi-
vidual data points. Although implicit representations can
greatly reduce data size, they incur considerable computa-
tional overhead due to the iterative neural network inference
during rendering.

2.2 Limitations of Conventional Mobile
Volumetric Video Streaming

Mobile volumetric video streaming delivers volumetric
videos from servers to mobile devices over mobile networks.
Compared to traditional 2D or 360-degree videos, volumetric
videos require significantly more data and computational
resources [11, 42]. Thus, to reduce complexity, traditional
mobile volumetric video streaming systems mainly focus on
fixed representations, such as point clouds [14, 15, 25, 28, 29,
44, 47] or voxels [24].

To provide the most immersive experience, volumetric
video streaming should deliver photo-realistic full-scene
videos, including comprehensive backgrounds and multi-
ple objects [50]. However, traditional systems face two pri-
mary limitations, visually illustrated in Figure 1. First, fixed
representations inherently represent 3D objects discretely,
which limits their ability to achieve photo-realistic results.
Although increasing the density of representations can re-
duce visual gaps, users inevitably observe discontinuities
when approaching objects closely, as shown in Figure 1a.
Second, traditional systems typically focus on object-based
videos composed of only one or several objects, without

Zoom
In

(a) Photo-realism

View
Change

(b) Full-scene video
Figure 2: Opportunities with 3DGS-based mobile

volumetric video streaming.

surrounding backgrounds, as illustrated in Figure 1b. Fixed
representations often struggle to naturally represent complex
and continuous backgrounds, restricting their application in
full-scene volumetric video streaming.

2.3 Opportunities: 3D Gaussian Splatting
Emerging in novel view synthesis research, NeRF and 3DGS
are techniques designed to synthesize 3D scenes from data
captured from multiple viewpoints. Unfortunately, NeRF re-
quires extensive computation due to the iterative neural net-
work inference, making it infeasible for mobile devices to ren-
der dynamic scenes represented by NeRF in real-time [7, 41].
Therefore, 3DGS, which has considerably lower rendering
overhead than NeRF, is a promising method to deliver photo-
realistic full-scene volumetric videos for mobile devices. Fig-
ure 2 highlights the photo-realism and potential for full-scene
streaming with 3DGS-based videos.
Original 3DGS [19] represents a static 3D scene using

multiple Gaussians, rendering new views by projecting and
blending these Gaussians. Each Gaussian carries attributes
such as position, rotation, scale, opacity, and color. Color
is generally represented using spherical harmonic (SH) co-
efficients. These Gaussians are optimized through an itera-
tive training process that minimizes the difference between
rendered images and actual captured images from multiple
viewpoints. Recent studies have explored using 3DGS to
represent dynamic 3D scenes incorporating the temporal
dimension [27, 38, 45]. These studies aim to reduce the data
size and training time for dynamic 3DGS. However, when it
comes to rendering, they assume powerful GPU resources
typically available on desktop computers, making it imprac-
tical to directly apply these methods in mobile streaming
scenarios [46].
V3 [43] recently proposed a method for dynamic 3DGS-

based video streaming on mobile devices, optimizing data
with minimal decoding overhead to accommodate mobile
streaming constraints. However, this approach is specifically
designed for object-based videos featuring only a single hu-
man, neglecting the complexity of full-scene videos that
contain multiple objects and complex backgrounds.
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Figure 3: Performance of per-frame 3DGS and V3.

(a) Per-frame 3DGS (b) V3
Figure 4: Qualitative results.

3 Preliminary Experiments
The primary constraint of mobile video streaming is whether
real-time rendering can be achieved under the given frame
rate requirements. Failing to meet the specified time dead-
lines results in choppy playback, severely degrading the user
experience. For instance, many mobile video applications
consider 30 frames per second (FPS) as the threshold for
real-time rendering [18, 21, 33, 49]. Furthermore, for mobile
streaming, as long as real-time playback is ensured, reducing
data size while preserving video quality is also important
because 3DGS inherently requires large amounts of data.

Unfortunately, as discussed in Section 2.3, while numerous
efforts have been made to optimize data size, the challenge
of real-time rendering for full-scene 3DGS-based videos on
mobile devices has barely been addressed in prior studies. To
evaluate the existing methods with low rendering overhead
for 3DGS-based mobile streaming, we conducted preliminary
experiments using two approaches: per-frame 3DGS and V3.
Per-frame 3DGS generates a static 3DGS representation in-
dependently for each frame without applying any temporal
compression techniques, resulting in no decoding or addi-
tional rendering overhead, which leads to considerable data
sizes. V3 is a recent approach specifically optimized for mo-
bile environments. Our experiments involved two distinct
volumetric videos: a single-object video and a full-scene
video. The single-object video, 4K_Actor2_Dancing from
the HiFi4G dataset [16], features a single human without a
background. In contrast, the full-scene video, flame_steak
from the Neu3D dataset [26], represents a comprehensive
scene containing multiple objects and a detailed background.
Figure 3 compares the performance of per-frame 3DGS

and V3 in terms of (a) data size, (b) rendering latency, and
(c) peak signal-to-noise ratio (PSNR). The rendering latency
was measured on the Galaxy S25 smartphone. As shown
in Figure 3a, per-frame 3DGS generates substantially large
data sizes. The result underscores the need for an effective
data size optimization technique for mobile streaming, such
as V3 that notably reduces data size compared to per-frame
3DGS. However, for the full-scene video where the number
of Gaussians is large, the methods fail to meet the target
frame rates, as shown in Figure 3b. Additionally, V3 exhibits
higher rendering latency compared to per-frame 3DGS, due

to the additional decoding overhead required by its data-
size optimization strategy. These findings indicate that no
existing method can achieve real-time rendering on mobile
devices when rendering all Gaussians in full-scene videos,
despite being designed for low rendering overhead.

The results also indicate that V3 experiences quality degra-
dation for full-scene videos due to its data size reduction pro-
cess. As shown in Figure 3c, while V3 achieves a 0.32 dB
higher PSNR than per-frame 3DGS for the single-object
video, V3 exhibits a 1.20 dB lower PSNR for the full-scene
video. Figure 4 illustrates this rendering quality degradation.
This degradation is attributed to the motion estimation tech-
nique introduced by V3, which relies on a lightweight neural
network primarily optimized for single-human scenarios
and may not generalize well to complex full-scene videos
involving multiple objects with diverse motion patterns. To
sum up, the results highlight the need for a sophisticated mo-
bile streaming solution that can ensure real-time rendering
for full-scene volumetric videos while effectively optimizing
data size and minimizing quality degradation.

4 Vega Overview
4.1 Goals and Approach
We propose Vega, a mobile volumetric video streaming sys-
tem leveraging 3D Gaussian Splatting (3DGS) to provide
photo-realistic, full-scene rendering. The primary goal of
Vega is to ensure smooth playback at the target frame rate
(e.g., 30 FPS). Under the time constraint, Vega also aims to
reduce the data size while minimizing the rendering quality
degradation.
As discussed in Section 3, existing methods with min-

imal rendering overhead fail to meet real-time rendering
requirements for full-scene videos due to the large number
of Gaussians. A promising strategy to address the challenge
is to differentiate visually important from less important re-
gions and allocate computational resources accordingly. For
example, ViVo [15] introduced a strategy in mobile volumet-
ric video streaming based on point clouds, distinguishing
between important and less-important regions using visi-
bility criteria. However, full-scene videos typically contain
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Figure 5: The overall architecture of Vega.

hundreds of thousands of Gaussians, leading to severe com-
putational overhead when determining the importance of
each Gaussian in real time.

To address this, Vega introduces object-level selective com-
putation, which allocates computational resources primarily
to visually important Gaussians that are grouped into objects.
Although a scene consists of numerous Gaussians, those be-
longing to the same semantically meaningful object tend to
move or rotate similarly. Leveraging this characteristic, Vega
performs encoding and rendering at the object level, which
is more efficient than handling Gaussians independently. In
other words, Vega treats a full-scene video as a collection
of multiple objects—including backgrounds—rather than as
numerous independent Gaussians.

4.2 Challenges and Architecture
To provide mobile volumetric video streaming based on
object-level selective computation, two key issues must be
addressed. First, developing a new encoding scheme tailored
for object-level prioritization is challenging. Existing dy-
namic 3DGS methods [27, 30, 38, 43, 45] are not suitable
for object-level prioritization because they operate at the
Gaussian level without providing object-level information.
The scheme also needs to minimize the additional decoding
and rendering overhead introduced by the data compression
process. Second, designing an efficient rendering pipeline
that operates based on object-level selective computation is
challenging. The pipeline must dynamically determine the
visual importance of objects in real time, which can vary
greatly depending on factors such as object motion and user
viewpoint. Moreover, efficient rendering requires maximiz-
ing the utilization of available processors on mobile devices,
such as the CPU, GPU, and NPU.

Figure 5 shows the overall architecture of Vega. For en-
coding, Vega introduces a mobile-friendly encoding scheme,
which supports object-level selective computation. For ren-
dering, Vega proposes a view-adaptive rendering pipeline.
Detailed explanations of the encoding scheme and rendering
pipeline are presented in Sections 5 and 6, respectively.

5 Mobile-Friendly 3DGS Video Encoding
5.1 Overview and GOV Structure
Vega introduces a mobile-friendly 3DGS video encoding
scheme designed to optimize the data size of 3DGS-based
videos. Inspired by the widely used Group-of-Pictures (GOP)
structure in 2D video encoding [10], the scheme introduces
an analogous structure called Group-of-Volumes (GOV) for
3DGS-based videos. A GOV consists of a key frame and
multiple residual frames, where the residual frames lever-
age information from the key frame to reduce overall data
size. Additionally, to support object-level selective compu-
tation, the encoding scheme segments a 3DGS scene into
multiple semantically meaningful objects using Gaussian
Grouping [48] and compresses data at the object level. The
compressed object-level data are transmitted to mobile de-
vices for object-level selective computation.

To determine the data stored in key frames and resid-
ual frames that compose the GOV structure, the encoding
scheme categorizes the diverse Gaussian attributes—SH co-
efficients, position, rotation, size, and opacity—into color-
related and non-color data. The color-related attribute refers
to SH coefficients. The non-color attributes, including po-
sition, rotation, size, and opacity, primarily represent the
physical properties of each Gaussian. To optimize data size,
this encoding scheme employs hierarchical color encoding,
which significantly reduces the size of color data using hash
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tables and MLP models, as color data alone constitutes more
than half of the total size. Key frames utilize a large hash
table, whereas residual frames minimize the hash table size
to achieve data size optimization. For non-color data, the en-
coding scheme introduces dynamicity-based object filtering,
which selectively stores information for objects in residual
frames based on their dynamicity levels.

5.2 Hierarchical Color Encoding
To efficiently compress the color-related information in
3DGS-based videos, we introduce hierarchical color encoding
that operates based on Instant NGP [32]. With Instant NGP,
the SH coefficients, which are related to view-dependent
color, are represented as relatively small hash tables and
MLP models. While previous studies have employed Instant
NGP to optimize the data size of 3DGS for static scenes [22]
and dynamic scenes [23], these methods are not aware of
the GOV structure. The hierarchical color encoding is an op-
timization technique specifically tailored for dynamic scenes
based on the GOV structure.
Figure 6 shows the hierarchical color encoding and de-

coding pipeline. Hash tables and MLP models are used to
capture the temporal variation of color, and the data size
of hash tables is larger than that of MLP models. To reduce
the overall size, the encoding scheme employs two types of
hash tables: a big hash table for key frames and a tiny hash
table for residual frames. The tiny hash is designed to have
approximately 200 times smaller data size compared to the
big hash. As shown in Figure 6, for key frames, an input con-
sisting of the position and viewing direction is encoded into
an embedding using the big hash, and then the MLP model
predicts the view-dependent color. For residual frames, the
tiny hash table encodes the residual color information rela-
tive to the corresponding key frame. The embedding input to
the MLP model for the residual frame is computed by adding
two embedding values: one from the big hash and another
from the tiny hash for the residual frame.
The training process of hierarchical color encoding in-

volves learning the hash tables and MLP models used for
color prediction. During training, only the big hash is up-
dated for key frames. For residual frames, only the tiny hash
is updated while keeping the big hash fixed. By iteratively
repeating these encoding and decoding processes during

training, the big hash, tiny hash, and MLP models are effec-
tively learned.

5.3 Dynamicity-Based Object Filtering
Vega employs dynamicity-based object filtering to effectively
optimize the size of non-color data of 3DGS-based videos
at an object level. The core problem of dynamicity-based
object filtering is how to determine which objects within a
frame should be treated as static and which objects should
be treated as dynamic. Objects exhibiting minimal changes
relative to the corresponding key frame can reuse the infor-
mation from that key frame, thus reducing data size signifi-
cantly.
To solve the problem, the filtering scheme introduces a

method to estimate the dynamicity level of each object using
the key frame and the immediately subsequent residual frame
within a GOV. When training the residual frame right after
a fully trained key frame, dynamic objects typically produce
higher loss values and thus larger gradient magnitudes.
For a given camera view, the reconstructed 2D image 𝐼 ,

which consists of RGB pixel values, is generated by a differ-
entiable rendering function R as below:

𝐼 = R(Θ), (1)

where Θ represents the set of parameters for all Gaussians
in the scene.
The loss function used for training the 3DGS scene is

defined as follows:

𝐿(𝐼 ) = 𝛼 ·MSE(𝐼gt, 𝐼 ) + 𝛽 · (1 − SSIM(𝐼gt, 𝐼 )), (2)

where 𝐼gt denotes the ground-truth RGB image. 𝛼 and 𝛽 are
weighting factors normally set to 0.8 and 0.2, respectively.
MSE is the mean squared error, and SSIM is the structural
similarity index measure.
Based on the loss function, the gradient magnitude𝑚(𝑔)

for a given Gaussian 𝑔 and the gradient magnitude𝑀 (𝑂) for
an object 𝑂 are computed as follows:

𝑚(𝑔) = 1
𝐾

𝐾−1∑︁
𝑘=0



∇𝜃𝑔𝐿𝑘

 , 𝑀 (𝑂) = 1
𝑛(𝑂)

∑︁
𝑔∈𝑂

𝑚(𝑔), (3)

where 𝐾 is the number of training iterations, and 𝑛(𝑂) is the
number of Gaussians in object𝑂 . The term ∇𝜃𝑔𝐿𝑘 represents
the gradient of the total scene loss 𝐿 at iteration 𝑘 with
respect to the parameters 𝜃𝑔 of a single Gaussian 𝑔. This
term quantifies how a change in an individual Gaussian’s
parameters affects the final image loss, calculated via the
chain rule. ∥ · ∥ indicates the 𝐿2 norm of this gradient vector.

Finally, the following equations determine which objects
are stored in residual frames:

dyn(𝑂) = 𝑀 (𝑂)
𝑀max

, dyn(𝑂) > 𝑀threshold. (4)
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Here,𝑀max is the gradient magnitude of the most dynamic
object in the current frame, and dyn(𝑂) represents the nor-
malized dynamicity level of object𝑂 . In practice, the normal-
ized dynamicity is computed separately for each attribute
of the object, and the final dynamicity level is obtained by
averaging these values. Objects with a dynamicity level ex-
ceeding the threshold 𝑀threshold, empirically set to 0.5, are
considered dynamic, and only their attributes remain in the
residual frame.

5.4 GOV Structure Optimization
To construct an optimized GOV structure, the encoding
scheme must determine which frames to select as key frames
and how long each group should be. The problem can be for-
mulated similarly to the Rate-Distortion (RD) optimization
used for optimizing the Group-of-Pictures (GOP) structure
in 2D videos. The algorithm aims to minimize the overall
cost of the video, computed as follows:

𝐶 (𝑖) = 𝑅(𝑖) + 𝜆 · 𝐷 (𝑖), (5)

where 𝑖 denotes the frame index, 𝑅(𝑖) represents the data
size of the frame, and𝐷 (𝑖) represents the distortion. 𝜆 is a pa-
rameter balancing the trade-off between rate and distortion,
which we empirically set to 0.003.

For Vega, 𝐷 (𝑖) is defined based on the sum of squared
errors (SSE) between the original RGB image 𝐼gt and the
reconstructed RGB image 𝐼 as follows:

𝐷 (𝑖) =
∑︁
𝑝∈Ω

(
𝐼gt (𝑝) − 𝐼 (𝑝)

)2
, (6)

where Ω denotes the set of pixels in the given image.
Key frames have relatively high 𝑅 and low 𝐷 , while resid-

ual frames have low 𝑅 and high 𝐷 . The RD optimization
problem for the GOV structure can be simplified as follows:

Minimize
𝑁−1∑︁
𝑖=0

(
𝑥 (𝑖) ·𝐶key (𝑖) +

(
1 − 𝑥 (𝑖)

)
·𝐶res (𝑖)

)
, (7)

where𝑁 is the total number of frames, 𝑥 (𝑖) indicates whether
the frame is selected as a key frame (1 for key frames, 0 for
residual frames). 𝐶key is the cost of a key frame, and 𝐶res is
the cost of a residual frame.
Exploring all possible cases to find the optimal solution

is highly inefficient, as it would require training and evalu-
ating numerous 3DGS frames individually. Therefore, Vega
proposes a greedy approximation algorithm that minimizes
the computation overhead. This algorithm relies on three
assumptions. First, the very first frame of the video is al-
ways set as a key frame, and the second frame is always a
residual frame. Second, within a single group, the residual
frames have identical data rates 𝑅res due to the operations
of hierarchical color encoding and dynamicity-based object
filtering. Third, within a group, the quality of residual frames

farther from the key frame inherently decreases due to their
increased difference from the key frame, but 𝐷res might fluc-
tuate across individual frames in practice.
The algorithm operates as follows. The cost of the first

residual frame in a group is obtained directly by applying
hierarchical color encoding and dynamicity-based object fil-
tering. For subsequent residual frames,𝐶key is the cost value
of the current group’s initial key frame, while 𝐶res is esti-
mated using the average 𝐶res of previous residual frames
within a sliding window. The sliding window-based method
mitigates the fluctuation of 𝐷res. If the number of residual
frames in the current group is smaller than the window size,
the average 𝐶res of all previous residual frames is used. The
algorithm compares𝐶key and𝐶res for each new frame. If𝐶key
is larger than𝐶res, the frame is set as a new key frame; other-
wise, it is set as a residual frame. This algorithm significantly
reduces the total computational overhead by estimating 𝐶res
with the sliding window. This approach avoids repeatedly
applying hierarchical color encoding and dynamicity-based
object filtering to each frame independently.

6 View-Adaptive Rendering Pipeline
6.1 Overview
Onmobile devices, 3DGS-based videos are typically rendered
through a sequential pipeline consisting of three main tasks:
decoding, sorting, and rendering. If additional decoding steps
(e.g., neural network inferences or hash table lookups) are
necessary to represent temporal factors in 3DGS, they are
performed first. For example, Vega’s decoding process con-
sists of hash table operations and MLP computations. The
sorting task arranges the Gaussians based on their depth
from the current viewpoint, which is necessary for correct
alpha blending. Sorted Gaussians are then processed through
the mobile graphics API [4] for final rendering. The render-
ing task performs frustum culling, projection, and alpha
blending to generate the final rendered image.
Vega introduces a view-adaptive rendering pipeline to

achieve real-time rendering on mobile devices. The main
challenge of the rendering pipeline is efficiently identifying
visually important objects that severely influence rendering
quality under computational resource constraints. In addi-
tion, the pipeline needs to effectively assign its various tasks
to the available processors on mobile devices. To address the
issues, view-adaptive rendering pipeline introduces object-
level early culling and priority-based task scheduling in its
view-adaptive rendering pipeline.

6.2 Object-Level Early Culling
Among the tasks in Vega’s rendering pipeline, hash table
lookups take the longest time, followed by MLP inference,
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Figure 7: Priority-based task scheduling.

sorting, and rendering. Since hash table lookups are per-
formed first in each frame, a strategy that minimizes hash
computations is crucial for an efficient rendering pipeline.
To address this, the view-adaptive rendering pipeline in-
troduces object-level early culling at the beginning of each
frame’s processing. Although frustum culling is traditionally
performed during the final rendering step using a mobile
graphics API, this approach is highly inefficient because
unnecessary Gaussians still go through expensive hash com-
putations. In contrast, object-level early culling significantly
improves computational efficiency by removing unnecessary
Gaussians prior to hash operations.
The view frustum, which defines the visible region, con-

sists of six planes in 3D space. By comparing the positions
of Gaussians with these six plane equations, the system can
determine whether each Gaussian is inside the view frustum.
However, in full-scene volumetric videos containing a large
number of Gaussians, performing this computation for every
Gaussian in every frame is highly inefficient. To mitigate
this overhead, the proposed early culling technique oper-
ates at the object level, enabling low-overhead culling per
frame. Object-level early culling first reconstructs non-color
attributes of objects within the current frame. Among these
attributes, each object’s bounding box, which is precomputed
on the server, is included. By comparing this bounding box
with the view frustum in 3D space, the system determines
whether the object is visible or invisible in the current view.

6.3 Priority-based Task Scheduling
The view-adaptive rendering pipeline employs priority-
based task scheduling to allocate more computation time
to visually important objects within the current view, ensur-
ing optimal rendering quality under real-time constraints.
Figure 7 shows an example of priority-based task scheduling.
This scheduling strategy considers the characteristics of

four key tasks—hash lookup, MLP inference, sorting, and
final rendering—and the three processors available on mo-
bile devices—CPU, GPU, and NPU. As shown in Figure 6,

hierarchical color encoding imposes a dependency where
MLP inference must always be executed after hash lookups.
The rendering process, which typically runs on the GPU via
a mobile graphics API, is performed only after all prepro-
cessing tasks are completed. Since the NPU is optimized for
neural networks, only MLP inference is assigned to the NPU.
Hash lookups and sorting can be executed on either the CPU
or GPU, depending on workload distribution.

Among the four tasks, the final renderingmust be executed
for all objects in every frame, while the other three tasks
can reuse previous frame results. For example, in Figure 7,
Objects D and E reuse previously computed data. The core
challenge of priority-based task scheduling is determining
which objects should not reuse previous results and instead
undergo full computation in the current frame. To address
this, we define a priority function for an object 𝑂 as follows:

prio(𝑂) = dyn(𝑂) + prox(𝑂) + 𝛿 · age(𝑂). (8)

Here, dyn(𝑂) is the normalized dynamicity level defined
in Equation (4). prox(𝑂) represents how close the Gaussians
forming an object are to the viewpoint and is normalized
between 0 and 1. The rationale behind the equation is that
highly dynamic objects requiremore frequent reconstruction,
and objects closer to the viewpoint have a greater impact on
visual quality. To prevent starvation, the priority function
incorporates an aging factor age(𝑂), which represents the
number of frames since the object was last fully computed,
and a tunable aging coefficient 𝛿 , which we empirically set
to 0.05.
Using the priority function, the problem of selecting ob-

jects for full computation in each frame is formulated as:

Maximize
∑︁

𝑂∈frame
prio(𝑂) ·

(
𝑦CPU (𝑂) + 𝑦GPU (𝑂)

)
Subject to

∑︁
𝑂∈frame

𝑦CPU (𝑂) ·𝑇CPU (𝑂) ≤ 𝑇deadline,∑︁
𝑂∈frame

𝑦GPU (𝑂) ·𝑇GPU (𝑂) ≤ 𝑇deadline.

(9)

Here, 𝑦CPU (𝑂) is 1 if the hash lookup and sorting op-
erations for object 𝑂 are assigned to the CPU; otherwise,
𝑦CPU (𝑂) is 0. Similarly, 𝑦GPU (𝑂) is 1 if these tasks are as-
signed to the GPU; otherwise, 𝑦GPU (𝑂) is 0. The values
𝑇CPU (𝑂) and 𝑇GPU (𝑂) represent the estimated execution
times for these operations on CPU and GPU, respectively.
Since these values are proportional to the number of Gaus-
sians in an object, they can be pre-modeled through profil-
ing on mobile devices. The𝑇deadline represents the remaining
available time after accounting for the final rendering task.
Note that the MLP inference task is not considered in this
problem formulation, as its execution time is shorter than
hash lookups, and in practice, the NPU rarely reaches its
computational limit.
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Given the limited computational resources of mobile de-
vices, priority-based task scheduling employs a greedy ap-
proach to solve the problem efficiently. First, among the
objects identified as visible during object-level early culling,
the scheduler sorts them in descending order of prio(𝑂).
Then, starting from the highest-priority object, the algorithm
checks whether its 𝑇CPU (𝑂) and 𝑇GPU (𝑂) fit within the re-
maining computational budget. If both CPU and GPU have
available capacity, the object is assigned to the processor
where the remaining time ratio (i.e., available budget divided
by execution time) is smaller. If neither CPU nor GPU can
accommodate the object, the object is skipped for that frame.
Through this approach, priority-based task scheduling effi-
ciently assigns high-priority objects to the CPU, GPU, and
NPU within the given time constraints.

7 Implementation
The Vega implementation consists of the Vega server run-
ning on a Linux desktop PC and the Vega player application
designed for Android devices. Figure 8 shows the end-to-
end video streaming with the Vega implementation. In the
server, the video encoder is implemented by extending the
D-3DGS [30] and using PyTorch [34]. Residual frames are
optimized using the motion modeling methodology of D-
3DGS based on the scene generated from the key frame.
Key frames undergo 15,000 training iterations with 5,000
densifications, while residual frames are trained with 2,000
iterations. Hierarchical color encoding is implemented using
Tiny Cuda NN [3]. The video is structured as a sequence
of frames composed of multiple objects, and it is streamed
alongside a metadata file containing object-level information
such as dynamicity values and bounding box coordinates.
In our implementation, the big hash table has a size of 24
MB, the tiny hash table is 0.125 MB, and the MLP parameters
occupy 0.03 MB. The server stores the video in GOV units
and transmits video chunks to the client via HTTP.
The video player for Android smartphones is written in

Java and C++. The player requests the video chunks from the
server via HTTP, decodes them upon reception, and plays the
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Figure 9: PSNR and FPS (Galaxy S25).

video. The hash module reimplements the multi-resolution
hash encoding technique from Tiny Cuda NN [3] to use the
feature on Android devices. The GPU implementation of this
module utilizes OpenGL ES [4] compute shaders. The MLP
module is implemented using TensorFlow Lite [2], and MLP
inference is delegated to theNPU via QNN [1]. For the sorting
module, the CPU version uses quick sort, while the GPU
version employs parallel radix sort with OpenGL ES compute
shaders. The rendering module reimplements the CUDA-
based rasterizer for 3DGS using OpenGL ES. Vega requires
approximately 300 Mbps of network bandwidth for video
streaming. We confirmed that the bandwidth requirement is
fully supported in 5G network, which typically provides 500
Mbps to over 1 Gbps of downlink bandwidth [13, 20].

8 Evaluation
We evaluated Vega from three perspectives: (1) experiments
comparing its end-to-end performance with existing meth-
ods, (2) an ablation study, and (3) a detailed analysis of Vega’s
policies.

8.1 End-to-End Performance
To evaluate the end-to-end performance of Vega, we con-
ducted benchmark tests on real mobile devices: Samsung
Galaxy S24 and S25 smartphones. The datasets used for the
experiment are Neu3D [26] and Panoptic Sports [17]. The
scenes in Panoptic Sports are more dynamic than those in
Neu3D. The baselines include V3, a mobile-centric method,
and two server-level dynamic 3DGS methods: 4DGS [45] and
STG [27]. Methods with extremely large data sizes, such as
Per-frame 3DGS [19] and D-3DGS [30], were excluded as
they are impractical for mobile streaming. For V3 and Vega,
FPS was measured using an actual Android application. For
4DGS and STG, which do not have real Android implementa-
tions, FPS was evaluated using Qualcomm AI Hub [5], which
is known for precisely profiling neural networks on a testbed
of actual mobile devices. The time for sorting and render-
ing was measured using our Android applications. For Vega,
two cases were evaluated: rendering all Gaussians without
considering FPS constraint (Base) and applying policies to
ensure 30 FPS on each mobile device (S24 and S25).
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Table 1: Quantitative results.
Neu3D Panoptic Sports

Model Compression
Rate (%)

PSNR↑
(dB)

SSIM↑ LPIPS↓ FPS
(S24)

FPS
(S25)

Compression
Rate (%)

PSNR↑
(dB)

SSIM↑ LPIPS↓ FPS
(S24)

FPS
(S25)

4DGS 99.9% 31.22 0.936 0.148 1.4 1.9 99.1% 25.94 0.899 0.195 1.1 1.5
STG 99.5% 31.97 0.948 0.140 9.7 14.5 99.8% 25.84 0.910 0.143 3.6 5.1
V3 98.7% 25.56 0.818 0.322 6.6 6.8 96.3% 15.02 0.449 0.606 59.1* 66.6*

Vega (Base) 98.9% 30.19 0.930 0.155 10.1 17.3 98.9% 28.26 0.907 0.154 8.5 16.0
Vega (S24) – 28.11 0.913 0.159 31.7 – – 26.18 0.877 0.193 33.3 –
Vega (S25) – 29.19 0.923 0.156 – 31.4 – 26.64 0.881 0.185 – 32.3

* Although these cases exceed 30 FPS, this is due to an abnormally low number of Gaussians, resulting in severe quality degradation.
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Figure 10: Qualitative analysis of solutions.
(flame_steak and basketball belong to the Neu3D and Panoptic Sports datasets, respectively)

Figure 9 shows the PSNR and FPS of each method on
the Galaxy S25, and Table 1 presents the overall results. In
the table, PSNR, SSIM, and the VGG-based LPIPS [53] were
used as visual quality metrics. As shown in the table, all the
methods used in the experiment achieved a compression rate
of at least 98.7% when compressing per-frame 3DGS, effec-
tively addressing the excessive data size issue of 3DGS-based
videos. Meanwhile, in terms of FPS, Vega showed real-time
rendering capability across all datasets. Although V3 also
achieved real-time rendering only on the Panoptic Sports
dataset, it exhibited an extremely low PSNR of 15.02 dB. This
suggests that the high FPS result was caused by a training
issue, where an insufficient number of Gaussians were gener-
ated for the video. 4DGS and STG, on the other hand, suffer
from high rendering latency, leading to severe frame drops
and choppy playback. This issue would become even more
pronounced when the user dynamically changes viewpoints,
inevitably resulting in a degraded visual experience.
Figure 10 shows the qualitative results for STG, V3, Vega

(Base), Vega (S24), and Vega (S25). As shown in the figure,
V3 failed to represent the basketball scene in the Panoptic
Sports dataset, highlighting its limitations. When comparing
Vega (S24) and Vega (S25) to STG, the perceptual quality
degradation in Vega was not significant. In the flame_steak
scene on S24, the puppy looked different from other results

because the region was reconstructed using previous frame
results to maintain 30 FPS. On S25, however, the quality of
this region was almost fully maintained. In the basketball
scene, although STG achieved slightly better numerical met-
rics, Vega (S24) and Vega (S25) render the human figure more
naturally than STG. These visual results suggest that Vega’s
strategy of focusing on dynamic objects is effective.

To sum up, Vega is the only solution capable of providing
real-time rendering for full-scene 3DGS-based mobile volu-
metric video streaming while maintaining low data size and
high visual quality. Vega achieves a high compression rate
for 3DGS, similar to other methods. Moreover, Vega meets
the given frame rate while minimizing perceptual quality
degradation.

8.2 Ablation Study
Effect of mobile-friendly 3DGS video encoding. We
conducted an ablation study to evaluate the effect of each
technique presented in Section 5. This experiment includes
four methods. The first method explicitly transmits SH co-
efficients without using a hash table (Base). The second
method applies a big hash uniformly to all frames (Base+Big).
The third method applies a tiny hash to residual frames
(Base+Big+Tiny). The final method incorporates dynamicity-
based object filtering (Vega). All methods train key frames for
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15,000 iterations and residual frames for 2,000 iterations. This
experiment used the flame_steak sequence from the Neu3D
dataset and the basketball sequence from the Panoptic
Sports dataset.
Figure 11 presents the PSNR and data size per frame for

each method. Interestingly, introducing the big hash reduces
the data size by 39.87% and 26.03% for each video while im-
proving PSNR by 1.24 dB and 2.70 dB, respectively. This PSNR
improvement occurs because, in the Base method, SH coeffi-
cients must be directly learned instead of using hash, but the
large number of SH coefficients makes training difficult. The
hash table reduces the number of parameters that need to be
trained, enabling more effective and efficient video learning.
When the tiny hash is introduced, the data size decreases by
71.45% and 72.7% compared to the Base+Big method. Despite
this reduction, the PSNR remains 0.49 dB and 2.34 dB higher
than that of the Base method. Finally, applying dynamicity-
based object filtering results in a 0.51 dB and 0.21 dB PSNR
improvement compared to the Base+Big+Tiny method while
reducing the data size by 88.86% and 80.18%, respectively.
This result suggests that focusing on dynamic objects is more
effective than processing all objects. As a result, Vega’s en-
coding scheme achieves 1.00 dB and 2.55 dB higher PSNR
than the Base while achieving 98.1% and 96.0% compression
rates, demonstrating the superiority of this scheme.
Effect of view-adaptive rendering pipeline.We con-

ducted an experiment to evaluate the effectiveness of Vega’s
view-adaptive rendering pipeline presented in Section 6. This
experiment compares two methods for selecting objects to
meet the 30 FPS constraint: random selection (Random) and
priority-based selection (Vega). Figure 12 shows the PSNR of
both approaches under the 30 FPS condition. On the Galaxy
S24, Vega achieves 0.58 dB and 1.23 dB higher PSNR than Ran-
dom for the Neu3D and Panoptic Sports datasets, respectively.
On the Galaxy S25, Vega outperforms Random by 1.04 dB
and 0.75 dB on the Neu3D and Panoptic Sports datasets, re-
spectively. These results suggest that Vega’s priority-based
object selection is effective in maintaining higher visual qual-
ity while meeting real-time rendering constraints.

8.3 Detailed Analysis
We conducted a detailed analysis to justify the design choices
of Vega’s policies. In this analysis, we used the flame_steak
sequence from the Neu3D dataset and the basketball se-
quence from the Panoptic Sports dataset. flame_steak con-
tains 49 objects, while basketball contains 10 objects.
Number of Gaussians per object. We analyzed the

number of Gaussians per object in both videos. Figure 13
illustrates the distribution of Gaussians across objects in
each video. The average number of Gaussians per object in
the flame_steak and basketball sequences is 10,130 and
25,210, respectively. This observation suggests that, com-
pared to Gaussian-level policies, an object-level policy can
significantly reduce computational cost. For example, in oper-
ations such as culling, performing computations at the Gauss-
ian level requires processing over 200K Gaussians, whereas
an object-level approach reduces the number of comparisons
to just a few dozen objects, leading to substantial efficiency
gains.
Data size of color and non-color data.We compared

the sizes of color and non-color data in 3DGS-based videos.
Figure 14 presents the sizes of color and non-color data in per-
frame 3DGS and Vega. As shown in the figure, color accounts
for 81.36% of the total size in per-frame 3DGS. This result
indicates that Vega’s encoding scheme, which separately
compresses color and non-color data, is effective. Specifically,
hierarchical color encoding reduces the size of color data
by 99.0% and 99.4%, respectively, while dynamicity-based
object filtering reduces the size of non-color data by 94.2%
and 94.75%.
Distribution of dynamicity levels. We analyzed the

dynamicity levels of various objects in each video. Figure 15
illustrates the distribution of dynamicity levels in the two
videos. The results show that when setting the threshold
value to 0.5, only about 20% of objects are classified as dy-
namic. These findings suggest that Vega’s dynamicity-based
object filtering can optimize data size by utilizing key frames
for approximately 80% of static objects, instead of storing re-
dundant information. Furthermore, the results highlight the
importance of leveraging existing results for static objects in
the view-adaptive rendering pipeline to maximize efficiency.
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Figure 17: Latency for each task in the rendering
pipeline for a single object.

Training time.We evaluated the training time of Vega,
measured on a server with an NVIDIA GeForce RTX 3090
GPU, with methods used in Section 8.1. Figure 16 shows
the training time of each method. In the flame_steak scene,
Vega’s training time is 1.1 minutes per frame, which is similar
to STG’s 0.9 minutes per frame and significantly lower than
V3’s 5.5 minutes per frame. In the basketball scene, Vega’s
training time is 0.9 minutes per frame, comparable to V3’s 0.7
minutes per frame and STG’s 0.9 minutes per frame. These
results confirm that Vega maintains training time on par
with existing methods while avoiding substantial overhead.

Rendering pipeline breakdown.We conducted an ex-
periment to measure the latency of the four tasks in the
rendering pipeline—hash, MLP, sorting, and rendering—on
the Galaxy S24 and Galaxy S25. For this experiment, we
selected objects with 5K and 20K Gaussians. MLP latency
was measured on the NPU, while the latency of the other
tasks was measured on the GPU. Figure 17 shows the re-
sults, indicating that hash table lookups take the longest
time, followed by MLP inference, sorting, and rendering.
These findings suggest that performing the culling process
before hash lookups can improve overall performance. In
addition, the results show that the latency of each task is
proportional to the number of Gaussians, suggesting that the
number of Gaussians can be used to estimate task latency in
priority-based task scheduling.
Performance on heterogeneous processors.We con-

ducted a study to assess how Vega’s priority-based task
scheduling performs under various hardware configura-
tions: CPU, CPU+GPU, and CPU+GPU+NPU. Note that the
CPU+GPU+NPU setup is the target configuration for Vega.
In all configurations, the final rendering task is handled by
the GPU, while the different configurations determine which

Table 2: PSNR for various processor configurations.

Device Configuration PSNR (dB)
flame_steak basketball

S24
CPU 26.98 18.71
CPU+GPU 29.30 26.34
CPU+GPU+NPU 29.66 26.69

S25
CPU 27.04 18.81
CPU+GPU 29.41 26.35
CPU+GPU+NPU 30.16 26.97

processors are available for the remaining tasks. Table 2
shows the results. Note that Vega sustained a frame rate
of over 30 FPS across all configurations. The results show
that performance improves as more specialized processors
are utilized. For instance, on the S25 with the flame_steak
video, the CPU+GPU configuration improves the PSNR from
27.04 dB to 29.41 dB compared to the CPU-only configura-
tion. Further enabling the NPU results in the highest PSNR
of 30.16 dB. This suggests that Vega effectively leverages
available processors to maximize rendering quality within
the given time budget. The results also highlight Vega’s ro-
bust performance on diverse hardware. Vega maintains the
30 FPS target on devices even without an NPU, accepting a
slight quality trade-off to meet the real-time rendering goal.

9 Related Work
Mobile volumetric video streaming. Volumetric videos
provide immersive experiences, but their large data size and
high rendering overhead make delivering on mobile devices
challenging. To address this, numerous studies have focused
on optimizing data size and computational overhead for mo-
bile volumetric video streaming. Some approaches propose
view-adaptive streaming [14, 15, 25, 44, 47], while others
leverage edge devices to assist with computation [28, 29, 35].
Another strategy involves performing 3D super-resolution
on the client side to reduce bandwidth usage [51, 52]. How-
ever, this approach imposes a substantial computational bur-
den on mobile devices. Meanwhile, MagicStream [8] and
Fang et al. [12] adopt mesh-based volumetric content and em-
ploy neural rendering techniques to reconstruct smooth sur-
faces, but these methods primarily focus on accurately ren-
dering a single human. Furthermore, recent studies [36, 50]
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Table 3: Comparison between volumetric video studies.
Photo
realistic

Full
scene

Mobile
rendering

Conventional mobile
volumetric video streaming
(ViVo [15], Vues [28], etc.)

✓

Dynamic 3DGS methods
(4DGS [45], STG [27], etc.),

LTS [39]
✓ ✓

V3 [43] ✓ ✓

Vega ✓ ✓ ✓

have been conducted to provide photo-realistic full-scene vol-
umetric video streaming via NeRF, but they require desktop-
level computational power for real-time rendering.
Video streaming with 3DGS. With the emergence of

3DGS [19] in novel view synthesis, various efforts have been
made to extend the technique for dynamic scene representa-
tion [27, 30, 38, 43, 45]. However, due to their large data sizes,
long training times, and high rendering overhead, it is chal-
lenging to use these techniques for mobile video streaming.
To address these issues, different approaches have been ex-
plored. LTS [39], for example, introduces an adaptive video
streaming technique using layered 3DGS [37, 41], but its
framework is not designed for real-time rendering on mobile
devices. Another approach, V3 [43], focuses on enabling real-
timemobile rendering. This work presented an approach that
encodes and decodes Gaussian attributes using the H.264
codec to compress data size effectively and introduced a
method using a small neural network that estimates human
movements to shorten training time. However, this approach
targets object-based videos featuring a single human, making
it difficult to apply to full-scene videos containing multiple
objects and complex backgrounds.
Comparison between solutions. Table 3 compares ex-

isting volumetric video studies with Vega. Conventional
mobile volumetric video streaming based on fixed repre-
sentations [14, 15, 24, 25, 28, 29, 44, 47] can run on mobile
devices; however, as discussed in Section 2.2, it is not suitable
for photo-realistic full-scene content. Server-level dynamic
3DGS methods [27, 30, 38, 43, 45] and LTS [39] can deliver
photo-realistic full-scene videos, but they fail to meet the
required frame rates on mobile devices due to high render-
ing latency. V3 [43] is a 3DGS-based technique designed for
mobile devices, but it focuses on single-object videos. Vega is
the only technique capable of delivering photo-realistic full-
scene videos using 3DGS while ensuring smooth playback
at the given frame rate on mobile devices.

10 Discussion
Impact of grouping accuracy. Vega’s object-level policies
require a scene to be segmented into semantic units, for
which we employ the state-of-the-art Gaussian Grouping
method [48]. While its accuracy is generally high, Vega’s
rendering quality can be influenced by segmentation er-
rors. For instance, over-segmentation may increase com-
putational overhead by creating more units to manage, and
under-segmentation can lead to inaccurate dynamicity cal-
culations due to averaging. Vega’s policies ensure that the
target frame rate is met even with such inaccuracies, with the
only trade-off being a slight degradation in overall rendering
quality.
Robustness to dynamic lighting. A potential concern

regarding the gradient-based dynamicity discussed in Sec-
tion 5.3 is its robustness under dynamic lighting conditions,
where changes in illumination could be mistaken for phys-
ical motion. However, the dynamicity metric is calculated
based on the gradient of non-color attributes (e.g., position,
rotation, scale), and lighting variations mainly affect the
color-related SH coefficients. Thus, Vega’s motion estima-
tion is not affected by changes in lighting conditions.

Potential for adaptive streaming. While Vega streams
seamlessly in high-bandwidth 5G networks, as discussed
in Section 7, a promising direction for future work is to sup-
port adaptive streaming under constrained or fluctuating
network conditions. This can be achieved by controlling the
rate-distortion trade-off using Vega’s existing parameters,
such as the dynamicity threshold (Section 5.3) and RD op-
timization settings (Section 5.4). Furthermore, integrating
techniques like layered 3DGS [37, 39, 41] could enable more
sophisticated adaptation for dynamic network environments.

11 Conclusion
To the best of our knowledge, Vega is the first attempt to
provide fully immersive mobile volumetric video streaming
with 3DGS. In particular, Vega introduces object-level se-
lective computation to ensure the real-time rendering for
3DGS-based videos on mobile devices. To realize the selec-
tive computation, Vega employs mobile-friendly 3DGS video
encoding to optimize data size and adopts a view-adaptive
rendering pipeline to enable computationally efficient ren-
dering on mobile devices.
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