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Abstract—3D Gaussian Splatting (3DGS) enables high-quality
free-viewpoint rendering of volumetric video but transmitting
3DGS information efficiently is challenging. It is difficult to
exploit spatial and temporal redundancies in the millions of
independent Gaussians, each with separate attributes, that rep-
resent dynamic scenes. To address this, we propose Triplane
Video-based 3DGS (TV-GS). TV-GS is an anchor-based neural
Gaussian framework compatible with 2D video codecs. TV-GS
uses anchor positions, triplanes, and lightweight Multi-Layer
Perceptrons (MLPs) to represent the appearances and locations
of neural Gaussians relative to their anchors. For dynamic
scenes, 3DGS information is organized into 2D planes to form
triplane videos that capture the scene’s structure and motion
over time. TV-GS enables spatial and temporal redundancies
to be efficiently leveraged using standard 2D video compression,
making it a practical and deployable solution for volumetric video
streaming.

Index Terms—3D Gaussian splatting, triplanes, compression,
2D video codec

I. INTRODUCTION

3D Gaussian Splatting (3DGS) [1] has recently emerged as
a new paradigm of 3D scene representation using sets of 3D
Gaussians optimized via differentiable rendering. By capturing
the full spatial and photometric structure of a scene, 3DGS
enables free-viewpoint rendering and interactive navigation,
making it a promising technology for next-generation immer-
sive media such as AR, VR, and telepresence. Current research
extends 3DGS to dynamic scenes through three main cate-
gories: (1) Per-Frame Gaussian Updates, which learn separate
Gaussian parameters for each frame; (2) Deformation Fields,
which map canonical Gaussians to frame-specific positions
and attributes; and (3) Time-Conditioned Attributes (4DGS),
which encode time as an additional input and jointly opti-
mize Gaussian parameters in a continuous-time representation.
Previous works on dynamic 3DGS primarily use deformation
fields or time-conditioned attributes, which exploit temporal
redundancy within the representation itself. While these meth-
ods reduce temporal overhead, they can struggle to accurately
model fast motions or long range sequences.
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In this paper, we introduce Triplane Video—based 3DGS
(TV-GS), a per-frame update approach that encodes dynamic
scenes as triplane feature videos. Feature planes are updated
at each frame under supervision to ensure temporal stabil-
ity, while spatio-temporal redundancy is captured implicitly
through standard 2D video codecs rather than explicit motion
coefficients or attributes. TV-GS replaces the per-anchor ex-
plicit parameters in Scaffold-GS [2] with two sets of triplanes
and Multi-Layer Perceptrons (MLPs) that implicitly predict
the locations and appearances of neural Gaussians. As a
result, 68 of the 71 per-anchor parameters in [2] are no
longer stored explicitly but are instead encoded in this implicit
representation, substantially reducing the overhead.

During optimization, each anchor’s 3D position is projected
onto the 2D triplane planes to retrieve its features. This
naturally organizes the triplane planes so that the 3D structure
and motion of the scene appear as their 2D projections,
forming video-like sequences well-suited for compression
with standard codecs such as High Efficiency Video Coding
(HEVC) [3] or Versatile Video Coding (VVC) [4]. Also, unlike
prior categories, our method can model sequences of arbitrary
length, maintaining high rendering fidelity even over long-
range dynamics. The main contributions of this work are
summarized below.

o We propose a Gaussian Splatting framework compatible
with conventional 2D video codecs. The representation
comprises triplanes (2D feature planes), anchor positions,
and lightweight MLPs. This structure allows temporal re-
dundancies in triplanes to be effectively exploited through
standard video compression.

o We introduce supervision strategies that enforce sparsity
and temporal consistency in triplanes, enabling 2D codecs
to fully leverage frame-to-frame redundancy for maxi-
mum compression efficiency.

e We design a temporal update scheme with an Anchor
Refresh Period (ARP), where anchor points and MLPs are
refreshed periodically rather than every frame, reducing
bitstream size and accelerating playback.
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Fig. 1. Proposed Triplane-based 3DGS representation. Indicated in green boxes are what needs to be transmitted.

II. RELATED WORK

Several works [5] aim to exploit correlations between
nearby Gaussians to create more compact 3DGS representa-
tions. Scaffold-GS [2] introduces sparse anchor points, from
which per-view neural Gaussians are generated and their
attributes dynamically adjusted based on anchor features and
view directions. While effective, it still requires transmit-
ting explicit attributes for each anchor and does not exploit
temporal redundancy in dynamic scenes. HAC [6] builds
on this idea using a binary hash grid to provide context
for anchors and an Adaptive Quantization Module that dy-
namically adjusts step sizes for different attributes, yielding
more compact representation. CompGS [7] predicts coupled
primitives from anchors and applies learned entropy modeling
for compression. LightPred [8] achieves compactness through
hierarchical representation, deriving child Gaussian attributes
from parent attributes stored in a hash grid via MLP and
attention mechanism. CSTG [9] proposes a learnable space-
time mask to remove ineffective Gaussians and represents
the geometry and view-dependent color using codebook and
neural field, respectively, to reduce storage size.

A branch of works explored leveraging conventional 2D im-
age or video codecs to compress 3DGS. In V3 [10], Gaussian
attributes are optimized across frame groups with an entropy-
based loss for temporal consistency, integer-quantized, then
Morton-sorted into 2D planes. These planes are compressed
with Advanced Video Coding (AVC/H.264). SOG [11] integer-
quantizes 3DGS primitives, arranges them into 2D square
grids with Parallel Linear Alignment Sorting (PLAS), and
compresses them using JPEG-XL. GIFStream [12] augments
a canonical 3DGS with a deformation field with sparse time-
dependent feature streams, prunes and reorganizes them into
two temporally aligned videos, and compresses them us-
ing entropy coding or HEVC/VVC with end-to-end entropy
supervision. CodecGS [13] represents 3DGS attributes with
triplanes, applies frequency-domain entropy modeling with
channel-wise bit allocation, and compresses the planes using
HEVC.

III. METHODOLOGY

A. Representation Overview

Our representation builds on the anchor-based framework
[2], where neural Gaussians are spawned from these anchors
according to the given camera pose to effectively represent
the 3D scene. Figure 1 illustrates the proposed representa-
tion, which consists of two branches: one predicting neural
Gaussian locations (red arrows) and another predicting their
attributes (blue arrows). Rather than explicitly storing all
locations and attributes for each anchor, we achieve a compact
representation using learned triplane feature maps [14] [15]
and MLPs. Given an anchor position query, features are
extracted from the triplane and passed through the MLPs
to predict both the spatial distribution and view-dependent
appearance attributes of the neural Gaussians.

We use two separate triplanes to model the distinct charac-

teristics of location and appearance features. Details of each
component—the anchors, the MLPs, and the triplanes—are
described below.
Anchors. As in [2], we voxelize the scene using a voxel size
e, where the center of each voxel serves as a candidate an-
chor position. Assuming the optimal anchors for representing
the scene have been determined, we denote their indices as
v € [0, N, — 1], where N, is the total number of anchors.
Let x, = (24, Yv, 2») denote the 3D coordinates of anchor v.
The 3D space is bounded by [Zmin, Tmax)> [Ymins Ymax)» and
[2min;s Zmax)- These bounds are used to normalize anchor posi-
tions, ensuring that the 3D range remains consistent throughout
frame progression, along with triplane resolution.

The normalized anchor position X, = (Zy, §v, 2,) is com-
puted using min-max normalization:

Ly — Tmin

Yv = Ymin

~ Zy — Zmin
Xy = ( , ; (1
Tmax — Lmin Ymax — Ymin <max — min

so that each component lies in [0, 1].

Triplanes. Triplanes encode 3D features by projecting them
onto three orthogonal 2D planes. In our representation, we use
two triplanes: displacement and attribute, each consisting of
XY, YZ, and XZ planes with C feature dimensions per plane.
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TABLE I
SUMMARY OF MLP INPUTS AND OUTPUTS.
Type MLP Input Output
Displacement  Offset (®,) {£H vev, {Xo}oev  Offset: {0y, k}ue\/k -0
Scale vector (®;) {f{f}vev, {Xv}vev  Offset Magnitude: {l,},ev, Scale Magnitude: {m, },cv
Attribute Color (®.) {f5 }vev, {wvctvev Color: {c,, k}ivé;llﬁ o

Opacity (®,,) {f5}vev, {Woctvev
Covariance (Peoy) {f5 tvev, {Woectvev

Opacity: {aw, k}vevk 0
Rotation: {qu, k}vGVk o> Scale: {S”’k}il’\,é‘z’lc:o

The triplane resolutions along the x-, y-, and z-axes, denoted
R;, Ry, and R, are defined as

R; = V‘““‘en]“”‘ +0.5J . je{nyz, @
where 7 is a subsampling factor used to downsample the
triplane for a more compact representation.

Displacement triplanes M? = {M%,,, M{ ,, M4 .} store
features that guide where to spawn the neural Gaussians,
effectively encoding information to predict their displacements
from each anchor. They take the normalized anchor position
X, as input and project it onto the XY, YZ, and XZ planes.
Interpolated features from all planes are concatenated to form
the displacement feature f¢.

Attribute triplanes M* = {M%,,M$ ,,M%,} encode
appearance-related features, including color, alpha, rotation,
and scale. They also take X, as input, project it onto the three
planes, and concatenate the interpolated features to derive the
attribute feature .

MLPs. MLPs are used to interpret triplane features and deter-
mine the location and appearance of neural Gaussians. Some
attributes are view-dependent and therefore take the viewing
direction of the anchor as an additional input alongside the
triplane features. Given a camera position x. = (Z¢, Ye, 2¢)
and an anchor position x,, the viewing direction is computed

Other attributes’ that may depend on an anchor’s position
incorporate the normalized anchor location X, (Eq. 1) as an
additional input alongside the triplane features. Each MLP is
a lightweight two-layer network. We evaluate the MLPs only
on the set of visible anchors v € V' for a given camera pose,
rather than on all anchors. Table I summarizes the inputs and
outputs of each MLP. For each anchor, we spawn N neural
Gaussians indexed by £ =0,..., Ny — 1 (we use N = 10).
The positions and attributes of neural Gaussians are deter-
mined as follows:

Nk—
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Fig. 2. Depiction of Overlapped-Sliding Window(OSW) and Anchor Refresh
Period (ARP) through an example of window-size, w = 16.

B. Optimization and compression

Triplane optimization through rate-estimation. During
training, we optimize both attribute and displacement tri-
planes through an entropy rate loss. This ensures the learned
triplane representation is robust to quantization during the
compression stage and exhibits low entropy. This also has a
sparsification effect on the triplane features, which boosts 2D
codec compression efficiency. Let P(:) and Pqs(-) denote the
probability mass function (PMF) and cumulative distribution
function (CDF), respectively. We assume triplanes follow
Gaussian distribution. For any plane M; € RWXHXC yith
type t € {a,d} and plane p € {XY,YZ, XZ}, let QP be
the set of its element indices, and let mﬁ’p denote the scalar
at index i € Q%P. The per-plane rate loss is

1 AUy
‘Cﬁg:e = mlezﬂ;p [— 1Og2(P( tp)):|, (8)
P(iig") = Pear (" + 3) = Pear (5" = 3) . (9)

Here, m/” = Q(m!") is a quantization operation.
Since () is non-differentiable, during training we simu-
late quantization by addmg uniform noise: mt’p = mf’p +
8, where § ~ U[-1, %] We estimate rates for the six
planes {M¢, MY, ;,M% ,, M%y, M§, ., M} separately

and take their mean:

1
Lrate = — (Lgéﬁy+£d,yz+£d,XZ+£a,XY+£a,YZ+£a,XZ>'

6 rate rate rate rate rate
(10)
Overlapped-Sliding Window(OSW) and Anchor Refresh
Period (ARP). TV-GS uses implicit parameters—triplanes and

MLPs—to predict neural Gaussian positions and attributes.
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Inaccuracies in these implicit parameters during training can
hinder anchor-position optimization and prevent a proper
anchor population. Thus, we use a two-stage strategy: in
stage 1, we adopt explicit parameter—based training [2] to
populate anchor positions; then in stage 2 we use these
anchor positions to initialize our main training and optimize
MLPs and triplanes. This approach allows us to bootstrap
point clouds learned from explicit parameter-based methods,
adapting them to the implicit representation and expediting
optimization. To promote temporal consistency and reduce
transmission overhead, we maintain stage 1 anchors across
frame groups and periodically refresh them to accommodate
scene changes.

The concepts of overlapped sliding window (OSW) and
anchor refresh period (ARP), using a window size of w = 16,
are illustrated in Fig. 2. As shown in the top row of the figure,
stage-1 anchor positions are collected from three equidistant
frames at {7 — ¢, 7, 7 + ¥ }. The sampled points are then
sorted using Morton ordering, and every third point is selected
to form the fused anchor set. For each first frame in the ARP,
indexed as 7 = {i(§) | i € Z>o,7 = 0V i > 2}, the
fused anchor points are used to jointly optimize the MLPs
and triplanes to represent the scene. These fused anchors and
trained MLPs are then shared across the remaining frames
within the same ARP, during which only the triplanes are
further optimized to represent the scene dynamics.

Once all frames within an ARP are trained, the window
shifts forward by % time steps, and training proceeds similarly
for the frames in the next ARP, as illustrated in the bottom row
of Fig. 2. By design, there is a certain percentage of overlap in
anchor points from one ARP to another, which helps mitigate
abrupt fluctuations in the triplane feature space. The parameter
sharing enabled by OSW and ARP provides following key
advantages: (1) sharing anchor points and MLPs across frames
within an ARP significantly reduces the overall bitrate; (2)
during decoding and playback, only a single set of anchor
points and five MLPs per ARP need to be decoded, reducing
computation and latency; and (3) using the same anchors
and MLPs enhances temporal consistency across triplanes,
improving 2D codec compression efficiency and reducing
flickering in rendered views.

Parameter re-initialization and temporal stability. The
triplanes and MLPs parameter at 7 = 0 are optimized from
scratch. However, we allow triplanes to be re-initialized from
a previous frame and fine-tuned to adapt it to the current
frame. Within an ARP, the first frame is trained for full 30K
iterations and for the rest of the frames, only the triplanes
are finetuned for 10K iterations. At the ARP boundary, i.e.,
last frame of the previous ARP and first frame of current
ARP, only the triplane re-initialization is allowed as anchor
points are obtained from the first stage training while MLPs are
learned from scratch. This parameter re-initialization approach
presents two key benefits: (1) It reduces the overall training
time (2) It also helps to maintain temporal consistency. We also
impose a temporal consistency (tc) loss between consecutive

frames:
1 “rt
Lo=g > 3 M =M an
te{a,d} pe{XY,YZ,XZ}
Here, Mt and Mt denote the triplanes of type ¢ € {a,d}

and plane p € {XY YZ,XZ} at frame 7, quantized by
rounding and noise addition, respectively. The term |Q%P?|
denotes the number of elements in the triplane. This constrains
triplane features to vary only at grid locations aligned with
actual 3D motion, enabling a 2D codec to leverage inter-
coding (e.g., low-delay P and random access) for compression
efficiency. The final loss of the proposed TV-GS is given as,

Lrves = L1+ AsstmLssiv + Avol Lvol + Arate Lrate + A Lic- (12)

Here, £, and Lssp are the ¢; and SSIM [16] losses on
the rendered nnages The volume regularizer is given by
Lyl = ZN’“ ! Prod(sv k), where Prod(-) denotes
the product of a Vector s components, encouraging each neural
Gaussian to occupy small volumes with minimal overlap [2].
We set dssiv = 0.2, Avol = 0.01, A\yee = 5 x 1074, and
A = 0.01.
2D Codec based Compression. Once all the N frames are
trained with TV-GS, they are subjected to compression using
a 2D video codec. In the encoder, TV-GS model parameters:
anchor points, MLPs and triplanes are first pre-processed to
convert them into integer values. Anchor points are converted
to integer values simply by dividing them by voxel-size, €
and shifted to positive quadrant by subtracting with minimum
values in each axis. MLPs are quantized to 16-bit integer
values following “min-max” quantization. Triplane features
are first clipped between the (—30,30) range. Then utilizing
the same range as “min-max” values, the triplane features are
quantized to 10-bit integer values mapping —30 to 0, 0 to 512
and 30 to 1023.

The triplanes are packed into b numbers of separate YUV
videos to form triplane-videos. In this work, we choose
YUV:420 10-bit UHD-picture format. The triplane features
are packed into Y-channels while U and V channels are filled
with dummy 512 values. We pack features planes of same-
type, i.e. “XZ-plane”, “YZ-plane” and “XZ-plane”, from both
the triplanes together in “XZ”, “YZ” and “XZ” order. We allow
top-left packing location to be multiple of 32 to respect the
coding tree unit (CTU) size employed in video-codecs. While
packing into a YUV video, corresponding parameters from
models at time, ¢, are packed into the tth frame of a YUV
video. These YUV videos are encoded at various quantization-
parameters (QPs) to form b bitstreams. The anchor points and
MLPs are coded per ARP. We utilize octree, more specifically
G-PCC [17] inspired hybridtree, based method to compress
anchor points losslessly. The occupancy maps generated by
octree and integer MLPs parameters can be further com-
pressed utilizing any dictionary-based or entropy-based coder.
In this work, we utilize Lempel-Ziv—Markov chain algorithm
(LZMA) [18] coding for the efficiency. The pre-processing
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Fig. 4. Rate-Distortion (RD) performance on the MPEG dataset: (a) Bartender; (b) Cinema.

steps also generate metadata which also constitute a part of
the bitstream. The metadata carries shape & size information
of anchors, MLPs and triplanes as well as information related
to the quantization that are essential for reconstruction.

IV. EXPERIMENTAL RESULTS

Datasets. We tested TV-GS on two dynamic scenes from
MPEG: Bartender, and Cinema. Bartender and Cinema have
total of 21 views with 1920 x 1080 resolution. Following
MPEG-GSC CTC [19], we test on total of 65 frames by
selecting 50 and 235 frame as the first-frame for Bartender
and Cinema respectively. We select 9** and 11*"* views as
test-views.
Implementation Details. The TV-GS hyperparameters that
control the rendered quality include the voxel size, threshold
€, triplane resolution {R, R, R.}, channel size C, window
size w, and MLP hidden-node size.

We carried all experimentation by setting the voxel size
e = 0.01, triplane subsampling factor 77 = 4 and channel-size
C = 10. With these configurations, the triplane dimensions
(Rz, Ry, R,,C) were computed to be (363,269,324,10) for

TABLE 11
BD-RATE PERFORMANCE OF TV-GS AGAINST CSTG.
2D Codec (mode) Bartender Cinema
HEVC (LDP) -54.26 -28.56
HEVC (RA) -54.97 -34.91
VVC (LDP) -56.33 -33.88
VVC (RA) -56.90 -40.16
TABLE III

SIZE COMPARISON WITH SCAFFOLD-GS AT SIMILAR PSNR LEVEL.

Bartender Cinema
Method PSNR [dB] Size [Mbps] PSNR [dB] Size [Mbps]
Scaffold-GS 31.62 257.27 31.75 400.56
TV-GS (HEVC, LDP) 31.43 29.45 31.70 39.04
TV-GS (VVC, LDP) 31.43 29.10 31.70 38.43
TV-GS (HEVC, RA) 31.45 29.68 31.73 38.76
TV-GS (VVC, RA) 31.44 31.09 31.72 40.79

Bartender and (458,293,291,10) for Cinema using equation
2. Similarly, we set window size w = 16, and the hidden-node
size of all MLPs to 32 in all of our experiments.



2026 International Conference on Computing, Networking and Communications (ICNC): Invited Talks

We use the aforementioned hyperparameters and con-
figurations to train the TV-GS model. To obtain different
rate—distortion (RD) trade-offs, the triplane video is further
compressed at various quantization parameters (QQP) using
standard 2D video codecs. In this work, we employ the
HEVC reference software (HM-18.0) and the VVC reference
software (VIM-23.0), encoding the triplane video at QP =
{7,12,17,22}. The above QP values are tested under both
low-delay P (LDP) and random-access (RA) coding modes.
For all experiments, we disable the temporal filters and in-
loop filters, and set gpoffset = 0.

Comparison. We evaluate TV-GS against two methods:
Scaffold-GS [2] and CSTG [9], which is state-of-the-art
method for compact dynamic 3DGS representation. The RD
comparison between TV-GS and CSTG is shown in Fig. 4, and
the corresponding BD-Rate gains are summarized in Table II.

From Fig. 4, we observe that at higher bitrates, TV-GS
yields slightly lower quality than CSTG, but it achieves signif-
icantly better performance at lower bitrates. Overall, TV-GS
shows more than 50% gain for Bartender and ~ 30% gain for
Cinema. In comparison across the tested configurations, VVC
demonstrates superior compression efficiency to HEVC under
same coding modes. Furthermore, the RA configuration yields
better rate—distortion performance than the LDP. Overall, the
VVC-RA combination provides the most efficient compression
among all tested settings.

A visual comparison between CSTG and TV-GS on the
rendered test view is shown in the top row of Fig. 3. At similar
PSNR levels, TV-GS produces significantly better reconstruc-
tions, particularly for foreground objects such as the person’s
face and hands. The figure also presents rendered views where
the triplane video is encoded using HEVC and VVC in both
LDP and RA modes at QP=22. Perceptually, VVC yields
higher visual quality than HEVC, and RA provides better
results than LDP under the same QP setting.

We also compare the performance with Scaffold-GS, where
its voxel size is adjusted to match the PSNR obtained at the
highest bitrate among our test configurations. The optimal
voxel sizes are found to be ¢ = 0.08 for Bartender and
€ = 0.07 for Cinema. Table IIl summarizes the bitrate (in
Mbps) of TV-GS—under various coding configurations—and
Scaffold-GS at comparable quality levels. As shown in the
table, Scaffold-GS requires substantially higher bandwidth,
while TV-GS achieves similar quality below 50Mbps, provid-
ing an 8-10x reduction in data size.

V. CONCLUSION

In this work, we utilize a triplane-based 3DGS represen-
tation and propose triplane-video, a 2D codec-compatible
solution for modeling dynamic 3D scenes, which we refer
to as TV-GS. The TV-GS framework consists of two sets of
triplanes and five sets of MLPs to generate 3DGS attributes. To
leverage the benefits of inter-frame coding in 2D video codecs,
we address feature consistency in triplane-video sequences by
employing three key methods: (1) sparsifying the triplane fea-
tures as much as possible through entropy-supervised loss, (2)

reducing feature fluctuation among successive triplane-video
frames through inter-consistency loss, and (3) sharing anchor
points and MLPs among ARP frames to further reduce feature
fluctuation. We evaluate TV-GS on two MPEG dynamic 3D
scenes and demonstrated the effectiveness of our proposed
method in terms of RD performance.
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