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Abstract
Dynamic 3D Gaussian splats have emerged as an exciting new data
type for modeling interactive photo-realistic 3D scenes. This work
considers the problem of bitrate allocation for streaming dynamic
3D Gaussian splats under dynamic network conditions. We model
four parameters that influence the rate-distortion trade-offs for
different attribute categories and propose an efficient Model-driven
Gradient Ascent (MGA) algorithm to search for the optimal parame-
ters that achieve high visual quality while keeping the bitrate below
a given threshold across multiple frames. In our experiments, MGA
achieves up to 5.46 dB in PSNR improvement over the baseline.
We further proposed an adaptive MGA that reduces close to 3x
computational time with negligible visual quality loss.

CCS Concepts
• Information systems→Multimedia streaming; • Comput-
ing methodologies → Point-based models.
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1 Introduction
3D Gaussian splatting (3DGS) [8] is a new learning-based visual
representation that learns from 2D photographs, allowing for in-
teractive applications with photo-realistic static [8] and dynamic
3D scenes [12, 22]. A 3DGS frame may require GBs of data without
compression [8], posing challenges to streaming 3DGS for remote
visualization. An alternative is to render the scene on a server
and stream the rendered images to the client. Doing so, however,
incurs a higher interaction latency when the viewer changes its
viewpoint. Furthermore, the client lacks 3D information for fur-
ther rendering decisions, such as placing objects into the scene. To
ensure bandwidth-efficient streaming of 3D scenes to the client,
researchers have looked into reducing the size of 3D Gaussians by
constraining the number of Gaussians and their attributes during
the training phase to limit the size of the resulting frame while
maximizing the visual quality of the synthesized novel views [2–
4, 9, 11, 17, 20]. These approaches, however, lack the flexibility to
generate Gaussians at different sizes dynamically, a vital require-
ment for rate control when streaming 3DGS scenes over a dynamic
network.

Rate control is a classic problem in media streaming. Given a
rate 𝐵𝑇 bits per second, the sender decides which bits to send to
maximize the quality of the stream at the receiver. This step needs
to run in a tight control loop between the sender and receiver
for interactive applications. Existing methods for controlling the
size of the 3DGS scenes are too expensive and slow for real-time
streaming, as they require re-training to generate a new set of 3D
Gaussians [1, 10]. An alternative is to pre-train multiple represen-
tations of the same 3DGS scene, each at a different bitrate, and
stream the representation with the largest bitrate smaller than 𝐵𝑇 .
This approach, however, may incur high training costs, consume
excessive storage space, and fail to fully utilize the given bitrate
𝐵𝑇 .

In this work, we present the first solution that addresses rate
control for 3DGS streaming by formulating it as a bit allocation
problem: Given a sequence of pre-trained 3DGS scenes, what informa-
tion should we drop to keep the data rate below the given constraint 𝐵𝑇
while maximizing the quality of the rendered scenes? In our solution,
we first identified four encoding parameters and then allocated the
bitrate across 3DGS frames using our proposed multi-frame bitrate
allocation algorithm–Model-driven Gradient Ascent (MGA), which
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Figure 1: Architecture of a 3DGS streaming system. The bitrate allocation algorithm is our focus.

contains a fast, greedy, heuristic-based search strategy to explore
the search space over an allocation window of frames to find the
combination of the encoding parameters that leads to good visual
quality and fits into the bandwidth constraint.

We augmented efficient Draco [5] to enable real-time dynamic
3DGS scene streaming and evaluated MGA through experiments
using five dynamic 3DGS scenes and four real 5G network traces.
Our extensive experiment results revealed that the proposed MGA
algorithm: (i) effectively allocated the bit budget among 3DGS at-
tributes across frames at diverse and dynamic bitrates; (ii) utilized
up to 95.90% of bitrate and outperformed a baseline by 1.95 dB in
PSNR, 0.04 in SSIM [6], and 5.09 in VMAF [16] on average, and
5.46 dB in PSNR, 0.20 in SSIM, and 25.52 in VMAF at most; (iii)
improved the bandwidth utilization by 5.08% and visual quality by
0.65 dB in PSNR, 0.02 in SSIM, and 4.66 in VMAF with larger allo-
cation windows; and (iv) led to reasonable resource consumption,
including the number of encoding operations and running time.
For resource-limited environments, we proposed a lighter-weight
algorithm called Adaptive MGA (MGAA), which further reduces
the number of encoding operations of MGA by up to 86.46% with
negligible loss in visual quality.

2 Related Work
3DGS streaming imposes staggering storage requirements, which
have been coped with by (i) training storage-efficient 3DGS rep-
resentations of scenes and (ii) encoding pre-trained 3DGS scenes
while streaming. Most existing works [2–4, 9, 11, 17, 20] proposed
learning data-efficient representations of 3DGS scenes. For example,
Fan et al. [2] pruned insignificant points and applied quantization
to compress the 3DGS scenes. Girish et al. [4] compressed color and
transformation attributes through latent quantization. Lu et al. [11]
presented a hierarchical 3D Gaussian representation to represent
the scene effectively. Some other studies consider the temporal re-
dundancy of dynamic 3DGS scenes [7, 21]. Particularly, Katsumata
et al. [7] reduced memory usage and overfitting by defining posi-
tions and rotations as time functions. Pranckevicius [19] decreases
the size of Gaussians by encoding pre-trained 3DGS scenes. He pro-
posed to prune unused data elements, reduce data precision, and
encode texture images without considering scene geometry. His
work did not consider the allocation of bits to different Gaussian
attributes.

Some studies [1, 10] investigated the rate control of 3DGS com-
pression during 3DGS training. Specifically, Liu et al. [10] intro-
duced a hybrid primitive structure with a rate-constrained opti-
mization scheme to reduce redundancies. Chen et al. [1] utilized the
relations between unorganized 3D Gaussians and a structured hash

grid for compression. Their solution employed entropy coding and
adaptive quantization for compression. While the methods above
effectively reduce the size of the 3DGS representation, they are
applied during the training phase of 3DGS. This approach limits
their applicability in rate-control scenarios.

3 3D Gaussian Splatting Streaming
3DGS models a scene using 3D Gaussians, with each Gaussian con-
sisting of 62 attributes [8]. We classified these attributes into four
categories: (i) geometry in three coordinates capturing the scene’s
structural composition; (ii) Spherical Harmonic (SH) coefficients
representing view-dependent colors; (iii) opacity; and (iv) transfor-
mation, including scaling and rotation matrices. This categorization
facilitates systematic bitrate allocation, as each category influences
the rendering quality and storage size differently.

Fig. 1 shows a 3DGS streaming system compatible with various
streaming protocols like DASH and Real-time Transport Protocol
(RTP). A content provider produces a series of 3DGS frames cap-
tured and trained from multiple 2D images. The 3DGS frames are
encoded before transmission. We extended Draco [5], a widely used
real-time, geometry-based point cloud encoder, at this step as both
point clouds and 3D Gaussians represent 3D spatial information
with collections of points endowed with attributes such as position,
color, and opacity. Note that we experimented with G-PCC [14]
and found that existing G-PCC implementation is several orders of
magnitude slower. Our algorithm is encoder-agnostic, however, and
could be applied to G-PCC. In this extended encoder, we utilize four
encoding parameters tailored to four categories: 𝑒𝐺 for geometry, 𝑒𝑆
for SH coefficients, 𝑒𝑂 for opacity, and 𝑒𝑇 for transformation. These
parameters serve as inputs of 3DGS encoders to trade off visual
quality and frame size. To find the best encoding parameters that
maximize the quality of novel views under bandwidth constraints,
the bitrate allocation algorithm adjusts the encoding parameters
among different categories of attributes and across multiple 3DGS
frames, driven by the Rate-Distortion (R-D) characteristics. After
encoding, the sender transmits the compressed bitstream over the
Internet to the receiver. The receiver decodes the bitstream and
prepares the 3DGS for rendering and display.

Our work focuses on the bitrate allocation step, where the details
are discussed in the following sections.

4 Bitrate Allocation
4.1 Problem Formulation
We address themulti-frame bitrate allocation problem in a recurring
window of 𝑁 3DGS frames from a dynamic scene. This problem is
solved once per allocation window. Let 𝐵𝑇 be the bitrate budget of
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the current allocation window, determined by system constraints
such as network bandwidth. Our goal is to optimize the overall
quality of synthesized novel views of 3DGS frames in the current
allocation window while keeping the bitrate of the 𝑁 frames below
𝐵𝑇 .

The bitrate allocation algorithm needs to decide on the encoding
parameters e𝑛 = ⟨𝑒𝐺,𝑛, 𝑒𝑆,𝑛, 𝑒𝑂,𝑛, 𝑒𝑇,𝑛⟩ for each 3DGS frame, 𝑛 =

1, 2, . . . , 𝑁 . The range of these encoding parameters depends on
the codecs, which could be bit depth, quantization parameter, etc.
We note that encoding parameters 𝑒𝐺,𝑛 , 𝑒𝑆,𝑛 , 𝑒𝑂,𝑛 , and 𝑒𝑇,𝑛 trade-
off between the quality contribution and the number of bits used
to encode each of the geometry, SH, opacity, and transformation
attributes of the 𝑛-th 3DGS frame, respectively. We denote the
functions that map e𝑛 to the visual quality and frame size as𝑄𝑛 (e𝑛)
and 𝑅𝑛 (e𝑛), respectively. These two functions are generally non-
linear and depend on factors such as scene complexity and codec
efficiency, and thus could vary across different frames.

With the notations developed above, we write our problem into
a constrained optimization problem:

e∗ = ⟨e∗1, e∗2, . . . , e∗𝑁 ⟩ = argmax
⟨e1,e2,...,e𝑁 ⟩

𝑁Õ
𝑛=1

𝑄𝑛 (e𝑛 )

subject to:
𝑁Õ
𝑛=1

𝑅𝑛 (e𝑛 ) ≤ 𝐵𝑇 .

(1)

Here, the objective function is the average visual quality across
all 3DGS frames. Other objective functions, such as max-min fair-
ness, may also be incorporated for different optimization criteria
based on usage scenarios.

4.2 Proposed Algorithm
Solving the multi-frame 3DGS bitrate allocation problem in Eq. (1)
is no easy task, mainly because of the non-linear mappings 𝑄𝑛 (e𝑛)
and 𝑅𝑛 (e𝑛). These two mappings could be derived by encoding
3DGS frame 𝑛 with a probing e𝑛 in a trial-and-error manner, search-
ing for the best encoding parameters. Such brute-force attempts,
however, lead to high computation overhead. Hence, we propose an
iterative search algorithm that systematically selects the probing
encoding parameters for a balanced: (i) accuracy of 𝑄𝑛 (e𝑛) and
𝑅𝑛 (e𝑛) and (ii) encoding time complexity due to probing attempts.

Design rationales. Our proposed algorithm is called Model-
driven Gradient Ascent (MGA), as it employs ML-based models
for 𝑄𝑛 (e𝑛) and 𝑅𝑛 (e𝑛) to effectively refine the encoding param-
eters based on the gradient of visual quality over frame size (i.e.,
▽ = Δ𝑄/Δ𝑅) among all possible changes on the encoding param-
eters. The MGA algorithm consists of two phases: (i) exponential
search for quickly zooming into a region close to e∗ with an accept-
able number of probing attempts and (ii) linear search for further
approaching e∗ using ML-based models to avoid excessive probing
attempts. We introduce these two phases in the following.

Exponential search. There are two system parameters in this
phase: (i) initial encoding settings ¤e = ⟨¤e1, ¤e2, . . . ¤e𝑁 ⟩ for individual
frames and (ii) a scaling factor 𝜆 > 1, 𝜆 ∈ R+ shared by all frames.
Our exponential search consists of two steps. In the first step, we
perform per-window scaling by scaling the current encoding set-
ting e up or down, depending on whether the consumed bitrate˝𝑁
𝑛=1 𝑅𝑛 (e𝑛) exceeds 𝐵𝑇 . More specifically, we set e = ¤e and then

update e with:8>>><>>>:
⌊𝜆e⌋ = ⟨⌊𝜆e1 ⌋, ⌊𝜆e2 ⌋, . . . , ⌊𝜆e𝑁 ⌋⟩ , if

𝑁Õ
𝑛=1

𝑅𝑛 (e𝑛 ) < 𝐵𝑇 ;

⌊e/𝜆⌋ = ⟨⌊e1/𝜆⌋, ⌊e2/𝜆⌋, . . . , ⌊e𝑁 /𝜆⌋⟩, otherwise.

The per-window scaling stops when
˝𝑁
𝑛=1 𝑅𝑛 (e𝑛) ≤ 𝐵𝑇 and˝𝑁

𝑛=1 𝑅𝑛 (⌊𝜆e𝑛⌋) > 𝐵𝑇 . We then move into the second step for
per-frame scaling. In this step, we scale across all frames in the allo-
cation window by identifying the most promising 𝑛̃ ∈ {1, 2, . . . , 𝑁 }
and category 𝐶 ∈ {G, S,O,T} once in every iteration. In each itera-
tion, we go through each frame 𝑛 (𝑛 = 1, 2, . . . , 𝑁 ), probing each of
the four encoding parameters ê

𝐶̃,𝑛
, by updating e

𝐶̃,𝑛
with ⌊𝜆e

𝐶̃,𝑛
⌋,

Next, we compute:

▽𝐶,𝑛 =
Δ𝑄𝐶,𝑛

Δ𝑅𝐶,𝑛
=
𝑄𝑛 (ê𝐶 ) − 𝑄𝑛 (e)
𝑅𝑛 (ê𝐶 ) − 𝑅𝑛 (e)

,where𝐶 ∈ {G, S,O,T} .

We then let ⟨𝑛̃,𝐶⟩ = argmax𝑛∈{1,2,...,𝑁 },𝐶∈{G,S,O,T}▽𝐶,𝑛 . After up-
dating e𝑛̃ with e

𝐶̃,𝑛̃
= ⌊𝜆e

𝐶̃,𝑛̃
⌋, we move to the next iteration. The

iterative process stops when: (i) none of the frames in {1, 2, . . . , 𝑁 }
and categories in {G, S,O,T} lead to quality improvement or (ii)
further scaling 𝐶 of 𝑛̃ results in excessive bitrate > 𝐵𝑇 .

Linear search.At the end of the exponential search, we have the
best-known encoding parameter ē, so that

˝𝑁
𝑛=1 𝑅𝑛 (ē𝑛) ≤ 𝐵𝑇 . If the

resulting bitrate is exactly 𝐵𝑇 , we are done. Otherwise, we perform
an additional linear search from e = ē trying to approach e∗ by
incrementing themost promising category𝐶 of each frame by a step
size 𝜂 ∈ N, which is another system parameter. While linear search
examines finer-grained encoding parameters, probing so many
encoding parameters for𝑄𝑛 (e𝑛) and 𝑅𝑛 (e𝑛) is not computationally
feasible. Hence, for each frame 𝑛 (𝑛 = 1, 2, . . . , 𝑁 ), we consider 24

probing encoding parameters ⟨𝑒𝐺,𝑛, 𝑒𝑆,𝑛, 𝑒𝑂,𝑛, 𝑒𝑇,𝑛⟩, where 𝑒𝐺,𝑛 ∈
{𝑒𝐺,𝑛, ⌊𝜆𝑒𝐺,𝑛⌋}, 𝑒𝑆,𝑛 ∈ {𝑒𝑆,𝑛, ⌊𝜆𝑒𝑆,𝑛⌋}, 𝑒𝑂,𝑛 ∈ {𝑒𝑂,𝑛, ⌊𝜆𝑒𝑂,𝑛⌋}, and
𝑒𝑇,𝑛 ∈ {𝑒𝑇,𝑛, ⌊𝜆𝑒𝑇,𝑛⌋}. Given 𝑄𝑛 (ê𝑛) and 𝑅𝑛 (ê𝑛) from these 16
probing samples, we build ML-based models 𝑄̃𝑛 (e𝑛) and 𝑅̃𝑛 (e𝑛) to
avoid high probing overhead.

The actual iterations of linear search are almost identical to the
per-frame scaling presented above, with two distinctions. First, we
compute gradients ▽𝐶,𝑛 using 𝑄̃𝑛 (e𝑛) and 𝑅̃𝑛 (e𝑛) and then select 𝑛̃
and𝐶 with the largest gradient. Second, at the end of each iteration,
we update e𝑛̃ with 𝑒

𝐶̃,𝑛̃
= 𝑒

𝐶̃,𝑛̃
+𝜂. Other aspects of the linear search,

such as the stopping criteria, are the same as the per-frame scaling
in the exponential search. Upon meeting the stopping criteria, the
MGA algorithm returns the most recent e as e∗.

5 Experiments
5.1 Setup
Implementations.We implemented our algorithm with Draco [5],
controlling the quantization of 3DGS attributes by e. Draco then
uses a K-D tree for geometry and predictive coding for other at-
tributes. It employs entropy coders with static and dynamic code-
books afterward.

We have implemented our MGA algorithm in Python. For com-
parison, we have also implemented two anchor algorithms: (i) Static,
which let e𝐶,𝑛 = 8 for all 𝐶 ∈ {G, S,O,T} and 𝑛 = 1, 2, . . . , 𝑁 ,
which is the default settings of Draco, and (ii) Uniform (Uni),
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