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Abstract

We present a novel DASH-based streaming system for dynamic
3D Gaussian Splatting (3DGS) scenes, addressing the challenges of
streaming large amounts of 3DGS data over diverse and dynamic
networks. Our Layer, Tile, and Segment Adaptive streaming
(LTS) system combines three key features: (i) multi-layer streaming,
which adapts to diverse client capabilities while balancing visual
quality and bandwidth usage, (ii) tiled streaming, which reduces
unnecessary data transmission by focusing on the user’s viewport,
and (iii) segment streaming, which divides dynamic 3DGS scenes
into segments, letting clients request them dynamically to handle
network fluctuations. Our experimental results demonstrate that
our LTS system achieves superior performance in both live and
on-demand streaming of dynamic 3DGS scenes compared to the
baselines. For example, in live streaming, LTS could achieve up
to 99.70% reduction in missing frames on average and deliver a
maximum PSNR (Peak Signal-to-Noise Ratio) improvement of 10.08
dB. In on-demand streaming, LTS could reduce the freeze time by
up to 92.01%, and increase the synthesized view quality by up to
5.14 dB in PSNR and 0.11 in SSIM (Structural Similarity Index). Our
source codes are available at: https://github.com/AIINS-NTHU/LTS-
DASH-Streaming-System-for-3DGS.
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1 Introduction

3D Gaussian Splatting (3DGS) [19] has become one of the most
popular 3D content formats in recent years, supporting novel view
synthesis from multiple input views of a 3D scene. Such a capability
enables 6 Degrees-of-Freedom (6-DoF) interactions, a Holy Grail of
many immersive applications built around Extended Reality (XR)
technologies, which seamlessly fuse the physical and virtual worlds.

Using 3DGS in immersive XR applications offers multiple advan-
tages. First, it synthesizes visually appealing novel views, compared
to 3D point clouds. Second, its fast rendering speed makes it well-
suited for interactive applications consumed by Head-Mounted
Displays (HMDs), compared to NeRF (Neural Radiance Fields) [25].
Third, its simple generation pipeline reduces the construction cost,
compared to 3D meshes. Many of these immersive XR applications
are distributed, e.g., film production [8], digital heritage [17, 35],
robotic navigation [64], online education [2], tele-medicine [26],
and remote collaboration [9], requiring 3DGS scenes to be ex-
changed among multiple parties.

Streaming dynamic 3DGS scenes, composed by multiple frames
along the time domain, over the best-effort Internet for immersive
XR applications is no easy task for two reasons: (i) the size of 3DGS
frames that need to be generated, stored, and transmitted are large,
and (ii) HMD users are vulnerable to cyber-sickness [43] that could
be caused by late or incomplete 3DGS frames. More specifically,
3DGS frames are much larger than 3D point cloud counterparts
because 3DGS frames consist of more attributes for the higher visual
quality of synthesized novel views. For example, a single frame in
Kerbl et al. [19] occupies about 270-734 MB, which is equivalent
to 22.65-58.72 Gbps for streaming their dynamic versions at 10
frames per second (fps). Even with increasingly more studies on
compacting and compressing 3DGS scenes [3, 5, 10, 20, 23, 28, 29,
34, 39, 40], the required bandwidth is still beyond the capacity of
the network in many parts of the world.

This paper tackles the problem of streaming dynamic 3DGS
scenes to heterogeneous clients over diverse and dynamic net-
works. To the best of our knowledge, dynamic 3DGS scenes have
never been streamed with actual network protocols and standards.
Instead, most existing dynamic 3DGS works propose representa-
tions of dynamic 3DGS scenes to support different scenarios, e.g.,
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Figure 1: Overview of our LTS system for streaming dynamic 3DGS scenes.

on-the-fly 3DGS scene reconstruction [48], longer-duration 3DGS
scenes [21], and resource-constrained mobile devices [54]. Only a
very recent bitrate allocation work [49] mentioned RTP (Real-time
Transport Protocol) and DASH (Dynamic Adaptive Streaming over
HTTP) standards in their architectural design. However, they did
not present a low-level design or implement an end-to-end system.
In contrast, we develop, implement, and evaluate the very first
dynamic 3DGS streaming system in this paper. In our work, the
DASH standard is employed for (i) live 3DGS scenes, where late
3DGS frames are skipped as rebuffering events are prohibited, and
(ii) on-demand 3DGS scenes, where clients pause for the packets of
late 3DGS frames to arrive.

Our system relies on three principles. First, it is progressive.
Different HMDs offer heterogeneous hardware resources, making
one-size-fits-all 3DGS representations less suitable. Second, it is
viewport-aware. It does not stream the entire 3DGS scene because
each HMD client only needs a subset of Gaussian splats in its
viewport at any moment. Third, it adapts to network conditions.
Network bandwidth varies over time, leading to different instanta-
neous bitrates of dynamic 3DGS scenes. Following these principles,
we propose to: (i) train each dynamic 3DGS scene into multiple
layers, where higher layers depend on lower layers while providing
incrementally better visual quality of synthesized novel views, (ii)
spatially partition each dynamic 3DGS scene into multiple tiles,
which are cuboids containing subsets of Gaussian splats, (iii) tem-
porally divide each dynamic 3DGS scene into multiple segments,
which are a set of consecutive 3DGS frames.

Multi-layers, tiles, and segments allow us to realize: (i) layered
streaming to support heterogeneous HMD clients, (ii) viewport-
dependent selection to reduce the number of requested Gaussian
splats, and (iii) application-layer buffering to absorb bandwidth
fluctuation. While tiling 3D information and segmenting videos
can be applied easily to dynamic 3DGS frames, the current dynamic
3DGS approaches do not support layered and progressive represen-
tation. In this paper, we adapted a recent layered representation of
a static 3DGS scene, LapisGS [39], to dynamic scenes and evaluated
its effectiveness in streaming scenarios. Each triplet of <layer, tile,
segment> specifies a basic Transmission Unit (TU) in our adaptive
streaming system, named Layer, Tile, and Segment adaptive
streaming (LTS).

Fig. 1 presents an overview of our proposed LTS system. A 3DGS
trainer produces a sequence of 3DGS frames consisting of a larger
number of Gaussian splats from a set of input videos. These 3DGS

frames are aggregated into multiple segments along the time do-
main. Each segment is represented in several layers for different
quality levels. Moreover, each 3DGS scene is cut into tiles in the
3D space for view-dependent streaming. The processed content
forms TU (data) files, which are stored on the DASH server. The
DASH server also generates manifest files carrying metadata for
the DASH client. DASH clients can be hosted on (more capable)
HMDs or (nearby) computers. DASH client employs a buffer to
absorb the bandwidth fluctuations for smoother playback, which
is especially critical for on-demand 3DGS scenes. The crux of the
DASH client is an Adaptive BitRate (ABR) algorithm, which selects
TUs to request based on network conditions, viewport parameters,
buffer dynamics, and other factors. Once the playback time arrives,
the synthesized novel view for the HMD viewport is displayed.
This paper makes the following contributions:

e We built LTS based on the DASH standard for streaming
live and on-demand dynamic 3DGS scenes over diverse and
dynamic networks, which is the first of its kind.

e We proposed D-LapisGS, the first multi-layer dynamic 3DGS
representation for LTS, to better cope with heterogeneity
and dynamics among different networks, HMDs, and users.

e We formulated and solved the bitrate adaptation problem,
and we implemented it as the ABR algorithm of LTS to opti-
mally select the transmission units to request.

Our LTS system demonstrates outstanding performance in dy-
namic 3DGS streaming, excelling in both live and on-demand sce-
narios. In live streaming, LTS reduces missing frames by 99.7% and
achieves a PSNR improvement of up to 10.08 dB, compared to the
baseline without tiles. For on-demand streaming, LTS minimizes
freeze time by as much as 92.01%, compared to the baseline without
tiling and layering, yet maintaining high visual quality of 27.61 dB
in PSNR and 0.903 in SSIM.

2 Related Work and Background
2.1 DASH Streaming of Dynamic 3D Scenes

Our LTS system has three unique features: layers, tiles, and seg-
ments, which were studied for content types other than 3DGS.
Layered Streaming. Scaling 3D representation into layered
structures organizes videos into multiple layers, facilitating adapta-
tion to varying network conditions and devices [1]. A base layer
provides essential quality, while enhancement layers improve reso-
lution, frame rate, or other attributes. This approach is also applied
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to 3D point clouds for efficient compression. For instance, Guarda
et al. [14] proposed a deep learning-based scaling method using
interlaced sub-sampling for point cloud geometry coding. Similarly,
Wang et al. [52] introduced a multiscale end-to-end learning frame-
work for compressing 3D point clouds. Xie et al. [56] employed
a scalable point cloud geometry compression framework that ad-
dresses the challenges of transmitting large-scale point clouds.

As for 3DGS, we are the first proposing a progressive layered ap-
proach [39], named LapisGS, for static 3DGS scenes, which encodes
multiple levels of detail into a single-layered model, supporting
adaptive streaming and seamless rendering. Our method demon-
strates superior efficiency and flexibility, achieving substantial im-
provements in visual quality and model compactness. However, this
method is tailored for static scenes and proves suboptimal for dy-
namic 3DGS streaming due to the inherent temporal relationships
between successive frames caused by object movement.

Tiled Streaming. Tile-based streaming is a multimedia trans-
mission method primarily used for interactive and immersive media
streaming when a viewer can only view a subset of the content at
a time. In zoomable videos [33] and 360° videos [13, 32, 36, 55, 62],
for instance, the entire video frame is divided into smaller regions
or tiles. The system dynamically selects the tiles to transmit based
on the user’s perspective or behavior, avoiding unnecessary data
transmission. Tile-based techniques have proven highly effective
for 3D content streaming, enabling efficient data management and
improved streaming performance by optimizing bandwidth usage
and enhancing visual quality [22]. For instance, Wang et al. [53]
proposed a tile-based adaptive streaming method for point clouds to
address the challenges of large data sizes and bandwidth constraints.
Their approach allocates bitrates for 3D tiles based on several QoE
(Quality of Experience) factors Meanwhile, Park et al. [30] proposed
a system for streaming volumetric media, utilizing 3D tiles to op-
timize bandwidth by culling or adjusting tile details based on the
user’s view frustum and distance. Similarly, Yin et al. [58] utilized
feature grids and residual filtering for adaptive volumetric video
streaming. In the context of a large 3D scene, Forgione et al. [12]
divided polygon soups representing a virtual environment into
axis-aligned cells for streaming Their research indicates that the
3D tile-based method delivers high visual quality. However, 3DGS
scenes are more complex than 360° videos and point clouds, which
make the previous studies not directly applicable.

Segment Streaming. DASH [44] is a widely used video stream-
ing protocol that allows the system to adaptively adjust video qual-
ity based on the user’s available bandwidth. By dividing videos into
small segments encoded at different bitrates, DASH ensures seam-
less playback by selecting the most appropriate segment quality in
real-time, minimizing buffering and interruptions. DASH has been
proven to significantly improve streaming quality, particularly in
scenarios with fluctuating network conditions [37]. In recent years,
DASH has been employed in many advanced applications, such as
multi-view [45, 46, 51, 59] and 360° video streaming [16, 31, 57],
where adaptive quality control is crucial for maintaining a smooth
and immersive user experience. Moreover, research has extended
DASH’s capabilities to include 3D video streaming [18, 38, 60],
demonstrating its flexibility and effectiveness in handling diverse
content types, other than 3DGS.
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2.2 Dynamic 3DGS Scenes

Dynamic 3DGS. 3DGS [19] renders photorealistic scenes in real-
time by modeling a 3D scene as a collection of Gaussian primitives.
Each Gaussian is defined by attributes such as its position x and
a covariance matrix X, where covariance matrix X = RSSTRT is
derived from scaling matrix S and rotation matrix R.

Building on this foundation, Luiten et al. [24] proposed Dynamic
3D Gaussians, which integrates dynamic scene reconstruction and
6-DoF tracking. This method is based on an analysis-by-synthesis
framework, representing scenes as a collection of 3D Gaussians
with variable positions and orientations while maintaining con-
stant attributes such as color, size, and opacity. By incorporating
physical constraints, including short-term local rigidity, local rota-
tional similarity, and long-term local isometry losses, the approach
ensures the motion of Gaussian elements remains physically consis-
tent over time. This dynamic 3DGS framework maintains temporal
coherence and enables compact dynamic representation without
significant quality degradation, but it still remains insufficiently
optimized for streaming applications.

Dynamic 3DGS Streaming. Research on dynamic 3DGS has
grown rapidly, focusing on areas such as generation, rendering,
compression, augmentation, regularization, Al-generated content,
simulations, dynamic scene reconstruction, and storage [6]. Stream-
ing dynamic 3DGS content has similarly emerged as a prominent
area of research, as it offers significant potential for real-time 3D
applications. One notable framework [48] leveraged existing 2D
video streaming architectures by transmitting 2D images from the
server and reconstructing 3DGS frames on client devices. Simi-
larly, Liu et al. [21] addressed dynamic 3DGS streaming through a
sliding window approach tailored for volumetric video streaming.
Their method is particularly advantageous for frequently chang-
ing dynamic scenes, enabling smoother playback. Wang et al. [54]
proposed a framework that converts dynamic 3D Gaussians into
2D videos, enabling efficient transmission and rendering through
hardware video codecs. The method is designed specifically for
mobile devices to support high-quality volumetric video playback.
However, these studies did not explicitly address how to transmit
dynamic 3DGS content over the network. In contrast, our earlier
work [49] proposed a Rate-Distortion (R-D)-based streaming ar-
chitecture designed to optimize 3DGS streaming by estimating the
R-D characteristics of 3DGS frames and encoding them with adap-
tive parameters. This approach enhanced streaming efficiency and
demonstrates strong performance in handling complex scenes. Nev-
ertheless, we did not consider how to dynamically adjust streaming
to mitigate delays caused by encoding large 3DGS frames.

3 The Proposed LTS System

3.1 Layered Streaming

LapisGS [39] successfully balanced visual fidelity with the compact-
ness of the model using layered structure, and Dynamic 3DGS [24]
ensures temporal coherence by incorporating physical constraints.
The current problem at our hand is, however, more challenging
as we have to create a multi-layered and frame-dependent repre-
sentation for DASH-based dynamic 3DGS streaming. To overcome
these limitations, we introduce Dynamic LapisGS (D-LapisGS in
short), an innovative representation specifically tailored for efficient
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Figure 5: System architecture of our proposed LTS system.

dynamic 3DGS streaming. This approach synthesizes the funda-
mental concepts of Luiten et al. [24] and the LapisGS [39] to create
a layered, frame-dependent architecture that better meets dynamic
scene requirements.

D-LapisGS builds upon the progressive multiscale training
methodology of its predecessor. The system initially trains a low-
resolution base layer, followed by successive enhancement layers
utilizing higher-resolution datasets, as shown in Fig. 2. These sup-
plementary layers enhance the detail captured by previous lay-
ers while maintaining fixed parameters. The framework dynami-
cally optimizes layer opacity to balance their relative contributions
during subsequent training phases. This hierarchical structure en-
ables the model to construct a coarse layout of the scene early on,
while later layers progressively incorporate higher-frequency de-
tails, thereby enhancing convergence efficiency and minimizing
redundancy across quality levels. To maintain temporal coherence,
D-LapisGS treats Gaussians as particles governed by physical con-
straints, including local rigidity, rotational similarity, and long-term
local isometry. These physical priors ensure coherent particle neigh-
borhood movement and maintain spatial relationships over time,
functioning as optimization regularizers.

3.2 Tiled Streaming

For 6-DoF immersive XR streaming, each HMD user moves freely
in a 3D environment, where the user’s viewport does not always
cover the whole 3DGS scene. Hence, we incorporate tiled streaming
that cuts the scene into multiple cuboids. As illustrated in Fig. 3,
our scene is segmented into cuboids of uniform size based on the
location of 3D Gaussian splats in the 3D coordinate system. More
comprehensive and adatpvie tile segmentation approaches are also
possible. By taking the HMD viewport parameters, such as po-
sition and orientation, as input, our system determines and only
transmits the visible tiles to cut down the network and comput-
ing overhead. This approach reduces the latency and enhances the

overall visual quality by focusing resources on the visible regions
of the 3D environment.

3.3 Segmented Streaming

To adapt to diverse and dynamic network conditions over time, our
system employs the segmentation approach in the DASH standard,
as illustrated in Fig. 4. In particular, each dynamic 3DGS scene con-
sists of a sequence of 3DGS frames, where G consecutive frames
form a Group of Frames (GoF), encoded into one intra-coded and
G — 1 inter-coded frames. C consecutive GoFs are then aggregated
into a segment, which is streamed together. Last, M segments con-
stitute the dynamic 3DGS scene, which contains G X C X M 3DGS
frames in total. With segments, HMD clients in our system could
dynamically determine which segments to request at what time
based on the changing network bandwidth and other factors. By
buffering additional segments during favorable network conditions,
our system can mitigate the adverse effects of poor network condi-
tions encountered shortly thereafter, particularly when streaming
on-demand 3DGS scenes.

3.4 System Architecture

Fig. 5 illustrates the overall architecture of our LTS system, which is
an extension of the DASH standard designed for 2D and 360-degree
videos. We first introduce the LTS server, which starts with a TU
generator that turns a dynamic 3DGS scene into a set of TUs. TUs
are the minimum sets of bytes from a given dynamic 3D scene that
can be requested and transmitted over the network. In particular,
the TU generator creates multiple layers, which are encoded by an
enhanced 3D point cloud codec [49]. The encoded frames are cut
into tiles spatially and then form segments temporally. The result-
ing TUs are saved in the storage as m4s files, which is a widely used
container file format in DASH streaming. We note that each TU
can be uniquely identified by a triplet of its layer, tile, and segment
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indexes. The TU generator also keeps track of the size of individ-
ual TUs and computes the expected quality of synthesized novel
views, which are crucial to the client in deciding which TUs to
request. Based on these results, the TU generator produces mani-
fest files, called Media Presentation Description (MPD), consisting
of codec information, playback duration, frame rate, bandwidth
requirements, TU URLs, etc. These manifest files are also stored in
the storage. The server implements an HTTP server that transmits
the TU and manifest files to clients upon request.

Next, we present the LTS client, which is responsible for select-
ing the best TUs to request based on the network conditions, client
capabilities, and HMD user behaviors. The client consists of an
HTTP client, which retrieves manifest and TU files from the server.
A manifest file parser analyzes manifest files to get metadata about
the target dynamic 3DGS scene. TU files are first sent to the TU
buffer, which could absorb the varying delays due to fluctuating net-
work bandwidth. During playback, corresponding TUs are moved
from the TU buffer to the 3DGS assembler, which then merges
and decodes these TUs into 3DGS frames that can be rendered for
HMD display based on the current HMD position and orientation
(i.e., 6-DOF pose of the viewport) determined by the inertial and
RF (Radio Frequency) sensors. The brain of the LTS client is its
ABR algorithm, which instructs an HTTP client to request specific
TUs based on: (i) the metadata from the manifest file parser, (ii) the
estimated network bandwidth from the HTTP client, (iii) the buffer
level from TU buffer, and (iv) the viewport position and orientation
from HMD sensors. Given that the ABR algorithm is the crux of
our LTS system, we detail its design in the next section.

4 Bitrate Adaptation Algorithm

4.1 Problem Statement

Our ABR algorithm consists of two steps: (i) TU selection and (ii)
TU sorting. TU selection essentially solves an optimization problem
to maximize the expected quality of synthesized novel views within
a sliding allocation window of W segments subject to an estimated
bit budget B. B is computed based on the throughput measurements
of prior segments. To filter out high-frequency noise, we employ
Exponentially Weighted Moving Average (EWMA), which assigns
an empirically chosen weight of 20% to the most recent measure-
ment. The optimization algorithm is solved once every allocation
step, denoted as S segments, where S < W. We note that our opti-
mization problem only considers visible TUs, as streaming other
TUs is simply a waste of resources. Moreover, our optimization
problem takes the already buffered TUs as inputs and only requests
TUs that haven’t been requested and transmitted. By repeatedly
solving the optimization problem, our ABR algorithm adapts to the
network, system, and user dynamics.

The second step considers the layer dependency, tile impor-
tance, and time urgency when sorting the set of selected TUs to
be requested. The following sorting criteria are employed: (i) ear-
lier segments, (ii) (within the same segment) lower layers, and (iii)
(within the same layer) closer tiles are requested sooner. We request
earlier segments sooner because they are closer to their playback
time and are more urgent. Furthermore, we request lower layers
sooner because, without layers beneath them, higher layers cannot
be rendered. Last, inspired by Fang et al. [11], we compute the
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distance between each tile’s center and the current HMD position
and request closer tiles sooner. The intuition is that closer tiles tend
to occupy larger fractions of the viewport, and humans are more
likely to be attracted by them.

4.2 Mathematical Formulation

Next, we describe the formulation of our optimization problem.
We let L, T, and W represent the numbers of layers, tiles, and
segments, respectively, in the current allocation window. From the
manifest files, we get to know the size of each TU, written as R, j ;,
where w € {1,2,...,W},1 € {1,2,...,L},and t € {1,2,...,T}. The
manifest files shall also provide the expected quality of synthesized
novel views. Our pilot tests indicated that estimating per-tile quality
at the server is challenging because many Gaussian splats span
across multiple nearby tiles. Hence, we calculated the expected
quality levels at the layer-segment granularity, which are computed
using ground-truth images from the testing dataset. Specifically, for
segment w (w € {1,2,...,W}), the expected quality improvement
of receiving layer [ on top of all lower layers I’ < [ is written as
Q1 (L e{1,2,...,L}). Along the same line, we decided to perform
a visibility check on the dynamic 3DGS scene before running the
ABR algorithm. We use a boolean value V,,;, € {0,1}, where
we{l,2,....,W}1le{L2,...,L},and t € {1,2,...,T} to capture
visibility, where V., ; ; = 1iff this TU is visible in the HMD viewport.
In addition, we need to know if a TU has already been buffered.
We define H,,; ; in the same way as V,,; ;, where H,,; , = 0 iff this
TU has already been buffered. Our optimization formulation only
considers downloading TUs whose V,,;; = 1.

X?enter Point of a Tile
)}_’,/*T'Vlslble Tile
0 » RS ~o ~o
L~ “~t-
O i S o ’f‘g Viewport
|~ o ~-~ Plane
T

Figure 6: Illustration of visibility check.

The optimization formulation selects the layers and segments
to request, as the invisible tiles have been determined and ex-
cluded. We use a boolean variable Koy 1> where w € {1,2,...,W}
and! € {1,2,...,L} to denote whether this layer-segment should
be requested: x,,; = 1 iff it is chosen. Before moving on, we define
an intermediate boolean variable Yl where w € {1,2,...,W} and
I € {1,2,...,L} to indicate if any tiles in this layer-segment need to
be requested. Note that Y, is actually a function of our inputs (and
independent to our decision variables x,,, ;), which can be computed
by:

T
Yw,l = [Z Vw,l,t’ 'Hw,l,t’/T-" (1

t'=1

Vwe{1,2....,W}and ] € {1,2,...,L}. Here Y., = 1iff this
layer-segment has at least a tile that hasn’t been buffered.
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Figure 8: The LTS client implementations.

Figure 9: Sample rendered views from: (a) LongDress;, (b)
Soldier;, (c) LongDresss, and (d) Soldiers

The optimization problem can be written as:

W L
X* =argmaxy Z Z [Qw,l(l - Yw,l) + xw,le,l] . aW_l (2a)
w=1 [=1

W L
s.t. Z wa,l Z Ryt Hypr <B; (2b)
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Xy S Y Vw={12... . WhLi={12,...,L} (2¢)

Xw,l * Yw,l b Xw,l+1 ° Yw,l+1
Vw={12...,Whi={12,...,L—1}; (2d)
Yoy € {01V w= {12 Whi={L2...L}.  (2)

Here, the objective in Eq. (2a) considers the overall quality of the
synthesized novel views, including both the buffered and selected
layer-segments. We note that a factor 0 < « < 1 is used to prior-
itize the layer-segments with closer playback time; « is a system
parameter. In terms of the constraints, Eq. (2b) ensures the total
size of the requested tiles does not exceed the bit budget; Eq. (2¢)
makes sure that we don’t request already buffered layer-segments;
and Eq. (2d) validates the layer dependency, i.e., we request a layer
only if all its lower layers are either buffered or also requested.
Lastly, Eq. (2e) defines the boolean decision variables, which are
collectively written as X.

4.3 The Proposed ABR Algorithm

We propose an ABR algorithm with two steps: visibility check and
full space search.

Visibility check. Before solving the optimization problem, we
first check if each tile is visible in the HMD viewport. Here, a vir-
tual camera projects every tile in a 3D coordinate system onto a
2D viewport plane. In addition, two 3D coordinate systems, world
and camera, exist. Several viewport/camera parameters are needed
to transform a point in the world coordinate system to the camera
coordinate system and to project a point in the camera coordinate
system to a 2D viewport plane. These parameters include the rota-
tion matrix, translation matrix, focal length, principal point, and
resolution.

Fig. 6 gives a high-level idea of our visibility check. We use the tile
center (x,y, z)y in the world coordinate system to represent that
tile. Following Szeliski [50], we transform (x,y, z)w to (x,y,2)c
in the camera coordinate system using the rotation matrix and
translation matrix. After that, we project (x,y, z)c to (¢, ¥)y on
the viewport plane using the focal length, principal point, and
resolution. Comparing (¢, )y with the width and height of the
HMD viewport allows us to determine if the tile is visible or not.
Repeating the same check with all tiles, potentially in parallel, helps
us to filter out invisible tiles.

Full space search. The formulation in Eq. (2) is a Binary Integer
Programming (BIP) problem, which is non-convex by nature and is
difficult to solve. Fortunately, the search space of our problem is
rather small, as typically: (i) a small number of layers (L) and (ii)
a rather short allocation window (W) are considered. This is be-
cause too many layers incur high training overhead, while too long
allocation windows increase the estimation error on the network
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bandwidth. Hence, we propose to solve our formulation optimally
using a full space search. Throughout our experiments, we found
our algorithm terminates within 40 ms, which is fairly reasonable
as our problem is only solved once every few seconds at most.

5 Performance Evaluations

5.1 Implementations

We have implemented the proposed LTS system in a mixture of
Python and C. Fig. 7 illustrates the server-side implementations of
our LTS system. The server first turns 2D images into multi-layer
3DGS frames using the D-LapisGS Trainer. These frames are then
divided into tiles through the Tile Divider. Each tile is compressed
by an Encoder. We use an enhanced Draco [49] in its lossless mode
for 3DGS compression. The compressed tiles are grouped into GoF
via the GoF Fragmentation and subsequently passed to a DASH Gen-
erator. Meanwhile, the frames are also sent to Renderer to generate
2D views from 30 random viewpoints, which are evaluated by the
Quality Evaluator for the estimated visual quality. The DASH Gen-
erator creates tiles based on the estimated qualities, TU size, and
other parameters, such as codec, frame rate, and playback time. The
results are stored in MPD and m4s files in the Server Storage, which
is connected to the HTTP Server for data transmission.

Fig. 8 illustrates the client-side implementations of our LTS sys-
tem. For brevity, we omit all the arrows representing requests.
When the streaming starts, the client requests MPD file through
the HTTP Client. After receiving MPD files, the system runs the
ABR algorithm. The Visibility Estimator determines which tiles are
visible based on the estimated trajectory provided by the Trajectory
Estimator. If not otherwise specified, we employ user traces in our
experiments, which can be considered as a very accurate estimator.
Then, TU Selector selects the best TUs based on the available band-
width estimated by the Bandwidth Estimator and MPD files. We
implement the EWMA filter [4] for a throughput-based bandwidth
estimator. The TU Scheduler determines the priority levels of indi-
vidual TUs and outputs them in an ordered list. The HTTP server
follows the list to request the m4s files. Once the client receives
the files, the Decoder decompresses them into TUs and merges the
TUs by the TU Merger to reconstruct the 3DGS frames. Finally,
the Renderer renders the views following the client trajectory for
visualization.

5.2 Setup

Dynamic 3DGS scenes. We employ two dynamic 3D sequences
from the 8i point cloud dataset [7], LongDress and Soldier, in our ex-
periments. To generate corresponding dynamic 3DGS scenes from
them, we render each point cloud frame from multiple viewpoints
into images and use them to train a 3DGS frame following the
settings in Shi et al. [42]. Specifically, Open3D [63] version 0.15.1 is
used for 2D rendering, where the width and height of the rendered
images are both 600 pixels. For model training and testing, we gen-
erate 100 random views for training and another 200 random views
for testing with the camera settings of Mildenhall et al. [25].

To vary the scene complexity level, we duplicate the considered
8i object d times and refer to them as LongDress; (or LDy) and
Soildery (or SOy). To get long enough dynamic 3DGS scenes, we
repeat 30 3DGS frames 30 times, which leads to four 30-second
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scenes at 30 fps. In the rest of this paper, we present sample results
from LDy, SO1, LDs, and SOs, as shown in Fig. 9. In our dynamic
3DGS scenes, each GoF consists of 30 frames, with 1 I-frame and 29
P-frames, encoded at full, half, and one-eighth resolutions for 3-, 2-,
and 1-layer representations. For tiling, LD and SO; have bounding
boxes of 2.4 X 2.4x 2.4 m3, while LDs and SOs have bounding boxes
of 4.8x4.8x 2.4 m>. The dimensions of the tiles in all dynamic 3DGS
scenes are 0.6 X 0.6 X 0.6 m>. Table 1 gives the key statistics of these
four scenes. Using these scenes, we generate four representations
for comparisons: (i) our proposed D-LapisGS, (ii) LapisGS [39], (iii)
D3DGS [24], and (iv) ordinary 3DGS [19]. Among them, LapisGS
and D3DGS are the State-Of-The-Art (SOTA), while the resource-
demanding 3DGS generates the highest-quality novel views serving
as reference views for quality metrics. All training hyperparameters
were maintained constant throughout all experimental stages.

HMD trajectories. As reported in previous studies [38, 41, 47,
61], the users tend to spend most of their time looking toward the
frontal body of the avatar in volumetric videos, with particular focus
on the avatar’s face. To better evaluate the generalization ability of
our system, we consider four 30-second trajectories, all following a
spiral path rotating at 8 degrees per frame and pointing towards
the center of the dynamic 3DGS scenes. The first two trajectories
always maintain a distance of 2.5 m to the center, while the other
two trajectories start with a distance of 5 m and gradually reduce it
to 2.5 m. All four trajectories start at an elevation of 2 m, but two
of them move up for 2 m in total, while the other two move down.
We repeat all our experiments with these four diverse trajectories
and report average performance among them.

2500
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Figure 10: Throughput of four considered network traces
from a 5G testbed.

Network traces. To emulate real network conditions, we employ
the network traces from the Lumos5G dataset [27]. We first classify
all the network traces into four categories:

o High Stable (HS), whose average throughput is in the top 33%
and whose throughput variance is in the bottom 10%.
e Low Stable (LS), whose average throughput is in the bottom
33% and whose throughput variance is in the bottom 10%.
e High Varying (HV), whose average throughput is in the top
33% and whose throughput variance is in the top 10%.
e Low Varying (LV), whose average throughput is in the bottom
33% and whose throughput variance is in the top 10%.
We randomly select four network traces from each category and
plot their throughput over time in Fig. 10. For evaluations, we
emulate the network condition following the network traces.
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Table 1: Dynamic 3DGS Scenes Used in Our Experiments (3-/2-/1-Layer)

Scene ‘ LongDress;

Soldier;

LongDresss Soldiers

Per-Frame No. Gau. (10%)
Average Frame Size (Mb)

255/ 137/ 66

306 /166 /78
72.01/38.63/18.69 86.40/46.91/ 22.15

1274/ 683 / 331 1528 / 830/ 392
260.36 /193.12/ 93.46  308.17 / 234.56 / 110.74

Bounding Box (m3) 24X24X%x24 24X24x%x24 4.8%X4.8%X24 4.8%x4.8%x24
40 o0 NVIDIA GTX-3090 GPUs with 24 GB VRAM. The 3DGS trainer
2 * v T . is executed on a workstation with an NVIDIA H100 GPU. If not
%30' v — 2 * v otherwise specified, we let @ = 0.9,G=30,C=1,W =3,5=1,
L9 & DLaiscs, 0% & prmon M =30, L = 1, and viewport resolution to be 1024 xX1024.
£ 1@/ D-LapisGS, 2z 1® D-LapisGS,
g ¥ Lépnns(, E ¥ LapisGSo
3" % Lo S 096, EEN
i  D3DGS v #  D3DGS
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Bitrate (Mb/s) Bitrate (Mb/s) ~
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9
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Figure 11: Comparing different representations and layers =
with the ordinary 3DGS: (a) quality in PSNR and (b) SSIM. 310
. S . . —— LTS NL NT
The red vertical line indicates the size of the ordinary 3DGS. 0
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Time (sec)

Metrics. We evaluate our system using both visual quality and
streaming performance metrics. PSNR and SSIM [15] are used to
measure the pixel-level fidelity and the perceived visual quality of
synthesized views, respectively. For streaming performance, we
measure missing frames, which represent the number of frames
that fail to meet their designated playback deadlines, and freeze
time, which indicates the cumulative duration of rebuffering events
required to accommodate delayed tile deliveries. Missing frames
are particularly critical for live streaming scenarios, while freeze
time is crucial for on-demand streaming applications.

Streaming scenarios. We consider two common scenarios: live
and on-demand streaming. In live streaming, the server generates
frames in real-time, while user focus more on timely delivery of
frames. In contrast, in on-demand streaming, the server prestores
all frames, the client can preload frames, and users ask for better
visual quality.

ABR baselines. We are not aware of any ABR algorithm de-
signed for DASH streaming of dynamic multi-layer 3DGS scenes.
Therefore, we employ three ABR heuristics that request all TUs but
with different playback criteria to serve as the baseline for our com-
parisons. When a baseline ABR algorithm is executed, it requests
all TUs in its allocation window. Moreover, at the playback time
of the current segment, the baseline algorithm checks its playback
criterion to determine if the frames should be skipped (for live
streaming) or the playout should freeze (for on-demand streaming).
In particular, the considered baselines are: (i) No Adaptation (NA),
which requires all TUs of the current segment to be buffered, (ii)
No Tiling (NT), which requires all TUs belong to all tiles of at least
one layer of the current segment to be buffered, and (iii) No Layer
(NL), which requires all TUs belong to the visible tiles of all layers
of the current segment to be buffered.

Experiment environment. The LTS server and client are exe-
cuted on workstations with AMD 32-core CPUs at 2.80 GHz and

Figure 12: Sample visual quality from LongDress; under dif-
ferent ABR algorithms.
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Figure 13: Visual quality with different network traces under
different ABR algorithms: (a) simpler LongDress; and (b)
more complex LongDresss.

5.3 Results

Different representations. Fig. 11 shows the visual quality and
overall streaming bitrate among different representations from
LongDress;. Compared with LapisGS, our proposed D-LapisGS
can save 92.1% of bitrate with the highest layer and 70.8% with the
lowest layer. Besides, the overall visual quality of our representation
achieves 37.0 dB in PSNR and 0.991 in SSIM, which are fairly high.
Compared with D3DGS, our proposed D-LapisGS representation
consumes 54.60% less bitrate. This can be attributed to our improved
training process: we consider not only the previous frames but also
the lower layers, allowing us to get more compact 3DGS frames. In
addition, our representation can provide different levels of detail
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Figure 14: Visual quality
from ABR algorithms in dif-
ferent scenes in PSNR.
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Figure 16: Freeze time under sample network traces: (a) HS
and (b) LS.

for more flexible 3DGS streaming to heterogeneous HMD clients
over diverse networks.

Live streaming. According to our results, using NA for live
streaming is not practical. Its bitrate can easily exceed the available
bandwidth even under the best network conditions, i.e., none of the
3DGS frames can be rendered. Hence, we do not report the results
from NA in live streaming. Besides, our results also show that NT
does not work in more complex scenes, such as LongDresss and
Soldiers. In particular, even with the lowest layer alone, its bitrate
often exceeds the available bandwidth, leading to too many missing
frames. Hence, we do not report the missing frame results from NT
either. In terms of missing frames from LTS and NL, we find that,
on average, they only suffer from 1.88 missing frames from 900-
frame traces, which is 99.7% less than NT. Adding to that, all missing
frames with LTS happened in the LV trace. We note that in this trace,

MMSys *25, March 31-April 4, 2025, Stellenbosch, South Africa

~40 ~40
g E)
ESO 330
= I
220 220
by D
2 2
=10 =10

e
)

HS LS HV LV LD, SO; LDs  SOs

@) (b)

Figure 17: Average freeze time from ABR algorithms under:
(a) different network traces and (b) different scenes.

Figure 18: Sample rendered views by using: (a) NL and (b) LTS
in on-demand streaming,.

some extreme network conditions cause the bandwidth to drop to
zero, creating an impossible mission for any ABR algorithms.

Fig. 12 shows the overall visual quality from LongDress; with
different ABR algorithms. The results show that LTS achieves higher
visual quality in PSNR and SSIM across all 3DGS frames. Besides,
in Fig. 13, we show the visual quality of PSNR in a simple scene,
LongDress;, and a complex scene, LongDresss, using different ABR
algorithms under different network traces. The results reveal that
LTS outperforms NL and NT by at most 6.20 dB and 10.08 dB in
PSNR in the simple scene. It also outperforms NL by up to 4.52 dB
in PSNR in the complex scene. Fig. 14 compares the overall visual
quality among different scenes. We observe that LTS achieves 24.54
dB in PSNR and 0.851 in SSIM, beating: (i) NL by 4.06 dB in PSNR
and 0.83 in SSIM, and (ii) NT by 3.418 dB in PSNR and 0.04 in
SSIM. Fig. 15 presents the overall bandwidth usage in all network
conditions. We find that in most network conditions, LTS utilizes
the available bandwidth more efficiently, which can be attributed
to its capability of intelligently selecting the tiles and layers.

On-demand streaming,. Fig. 16 reports the per-frame average
freeze time due to buffering. We observe that LTS always provides
the shortest freeze time. We also give the average freeze time under
different network conditions in Fig. 17(a). LTS has a 1.73-second
freeze time on average, and a 3.60-second freeze time in the worst
network condition. Besides, LTS reduces the freeze time by at most
70.56%, 57.57%, and 92.01% compared to NL, NT, and NA, respec-
tively. While we could not give the figure on the average quality due
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Figure 19: Average visual quality by using LTS in: (a) PSNR
and (b) SSIM in on-demand streaming.
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Figure 20: Average visual quality by using LTS for live and
on-demand streaming under different network traces in: (a)
PSNR and (b) SSIM.
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Figure 21: Average visual quality by using LTS for live and
on-demand streaming under different 3DGS scenes in: (a)
PSNR and (b) SSIM.

to space limitation, we note that LTS delivers an average quality of
27.61 dB in PSNR and 0.903 in SSIM, which are fairly high. Fig. 18
gives sample rendered views from LTS and NL. Fig. 18(a) reveals
that with NL, only part of the 3DGS scene is streamed in high qual-
ity, which Fig. 18(b) shows that LTS is able to render a complete
frame in the acceptable visual quality. The above results show that
LTS provides a smooth dynamic 3DGS streaming experience for
users with good visual quality, while other ABR algorithms result
in long freeze time and inferior visual quality, which may drive the
HMD users away from the services.

Next, we compare the average freeze time among different scenes
in Fig. 17(b). We notice that, generally, all the ABR algorithms need
longer freeze time to render more complex scenes. In addition,
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with tiling, LTS reduces the freeze time by up to 76.50%, and with
layering, decreases the freeze time by up to 85.61%. Combining
tiling and layering in our proposed LTS system cuts the freeze time
by up to 91.31%.

Fig. 19 reports the average visual quality from LTS under differ-
ent network conditions. We notice LTS performs better with simple
scenes and under higher and more stable bandwidth (HS trace).
Meanwhile, we also observe that LTS achieves shorter freeze time
in those conditions (figures not shown due to space limitations).
Take LongDresss as an example; streaming it causes 8X freeze
time than streaming LongDress;. We also observe insignificant
visual quality differences in bandwidth conditions other than HS,
although the freeze time do increase along with the decrease of
average bandwidth.

Comparison between live and on-demand streaming.
Figs. 20 and 21 compare the performance of LTS between live and
on-demand streaming scenarios. The figures show that LTS achieves
better visual quality in on-demand streaming, especially when the
network bandwidth is low, or the scene is complex, with gaps of at
most 5.14 dB in PSNR and 0.11 in SSIM. However, using on-demand
streaming also leads to longer freeze time: at most, 246 seconds of
freeze time is observed for 30-second traces.

6 Conclusion

In this paper, we introduce LTS, a DASH-based streaming system
designed for dynamic 3DGS scenes. By integrating layering, tiling,
and segmenting features, LTS achieves promising performance in
both live and on-demand streaming. While streaming dynamic
3DGS scenes has never been done in the literature, by comparing
to the current practice, our results show that LTS reduces missing
frames during live streaming by up to 99.7%, while improving the
PSNR by up to 4.06 dB and the SSIM by up to 0.83. In on-demand
streaming, LTS reduces the freeze time by 92.01% while increasing
the PSNR by 5.14 dB and the SSIM by 0.11. Adding to that, LTS
effectively lowers bitrate requirements by up to 92.1% for the highest
quality layer, demonstrating its superior efficiency in compressing
dynamic 3DGS scenes. These evaluation results prove LTS’s ability
to stream adaptive, high-quality, and resource-efficient dynamic
3DGS scenes, making it a promising solution for immersive XR
applications across diverse network conditions, dynamic systems,
and heterogeneous HMD users.

This paper cannot cover all aspects related to streaming dynamic
3DGS scenes due to the space limit, and thus can be extended in
several directions. For example, we primarily assess visual quality
using objective metrics, while evaluating QoE of real users’ trajec-
tories through user studies is equally critical. Moreover, additional
measurable QoE factors, such as motion-to-photon latency, which is
the elapsed time between head movement and corresponding scene
changes in the HMD, should be considered and analyzed for QoE
modeling (especially, cybersickness) to further optimize LTS. Last,
like other immersive streaming system LTS comes with quite a few
system parameters related to tiles, layers, and segments. These pa-
rameters can be used to tradeoff system performance and resource
consumption, and should be systematically and even dynamically
adjusted.
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