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ABSTRACT

3D Gaussian Splatting (3DGS) has witnessed its rapid development in novel view
synthesis, which attains high quality reconstruction and real-time rendering. At
the same time, there is still a gap before implicit neural representation (INR) can
become a practical compressor due to the lack of stream decoding and real-time
frame reconstruction on consumer-grade hardware. It remains a question whether
the fast rendering and partial parameter decoding characteristics of 3DGS are ap-
plicable to video compression. To address these challenges, we propose a Toast-
like Sliding Window (TSW) orthographic projection for converting any 3D Gaus-
sian model into a video representation model. This method efficiently represents
video by leveraging temporal redundancy through a sliding window approach.
Additionally, the converted model is inherently stream-decodable and offers a
higher rendering frame rate compared to INR methods. Building on TSW, we
introduce an end-to-end trainable video compression method, GSVC, which em-
ploys deformable Gaussian representations and optical flow guidance to capture
dynamic content in videos. Experimental results demonstrate that our method
effectively transforms a 3D Gaussian model into a practical video compressor.
GSVC further achieves better rate-distortion performance than NeRV on the UVG
dataset, while achieving higher frame reconstruction speed (+30% fps) and stream
decoding. Code is available at Github.

1 INTRODUCTION

Video compression is a classical issue in the domain of signal processing. With the growing amount
of video data on the Internet, numerous video compression algorithms have emerged. Classic video
compressors employ hand-crafted rules to reduce redundant information in the data (Le Gall, [1991}
Wiegand et al.|[2003; |Sullivan et al.,|2012). Learning-based approaches, on the other hand, learn the
characteristics of video from a large quantity of video data through a data-driven manner and achieve
highly efficient compression (Lu et al.l 2019; |Shi et al., 2022; |Li et al., 2024). Besides, methods
based on implicit neural representation (INR) have also started to be applied in video compression,
which represent signals by directly mapping coordinates or timestamps to the corresponding RGB
values, offering new insights for the field (Chen et al., [2021} |Lee et al., 2023).

Similar to the success of deep learning in other fields (Huang et al. 2023} [Qin et al., |2024; Xia
et al., 2024} |Gao et al., [2024), current learning-based neural video compression approaches have
achieved considerable progress in rate-distortion (RD) performance. However, these methods do
have certain issues. Firstly, many methods have a high decoding computational complexity, limiting
their practicality in real-world scenarios. INR-based method have to some extent alleviated this
problem (Chen et al.l 2021)), but for those with superior RD performance, their rendering frame
rates cannot reach the speed for practical usage (Kwan et al., 2023)). Secondly, fully decoding the
representation network is necessary before rendering any frame for INR-based method, making
it challenging to achieve stream decoding. Given that neural representation is more suitable for
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Figure 1: Comparison between proposed GSVC and NeRV (Chen et al., 2021). Our method achieves
effective video compression while surpassing NeRV in some aspects such as background texture.

encoding longer videos (Chen et al., 2021), this characteristic signi cantly limits its applications,
especially in popular streaming media.

Recently, 3D Gaussian Splatting (3DGS) (Kerbl et al., 2023) has gained increasing attention for its
impressive capability of reconstructing 3D scene from multiple photos, which outperforms NeRF
(Mildenhall et al., 2020) in training and rendering speed. Although 3D Gaussian representation is a
method speci cally designed for 3D scenes, it shares similarities with neural representation in that
they are botha new type of signal representati@md have the potential to be a general-purpose
representation method applied to other domains (Dupont et al., 2021; 2022; Zhang et al., 2024).
These elds will also bene t from the exclusive features of 3DGS, such as explicit representation,
fast rendering, and partial parameter rendering.

In this paper, focusing on the weakness of INR video compressors and advantages of 3DGS men-
tioned before, we explore the feasibility of 3DGS in video compression. We propose a novel regional
orthographic projection called Toast-like sliding window (TSW) orthographic projection. TSW or-
thographic projection utilizes the redundancy between adjacent frames without requiring any explicit
or implicit 3D structure in the signal. Using the method, any model sharing same rendering process
with 3DGS can be easily extended to a 2D video representation model. Based on TSW, we propose
an end-to-end trainable Gaussian Splatting Video Compressor (GSVC) by extending the framework
of HAC (Chen et al., 2024). Furthermore, we introduce time-aware Gaussians generation, which
offers increased parameter ef ciency. This design, cooperated with proposed optical ow (Horn &
Schunck, 1981) guided deformable Guassians (Yang et al., 2024c), signi cantly improve the capa-
bility of GSVC to ef ciently model dynamic objects in video. Fig. 1 demonstrates a qualitative
results of GSVC.

The proposed TSW has been tested with vanilla 3DGS(Kerbl et al., 2023), Scaffold-GS (Lu et al.,

2024) and HAC (Chen et al., 2024) to validate its universality, demonstrating that our method ef-

fectively transforms a 3D Gaussian model into a practical video compressor. Thorough experiments
over UVG dataset (Mercat et al., 2020) were performed, in which proposed GSVC demonstrates
better RD performance than NeRV (Chen et al., 2021) and superior rendering ef ciency. Besides,

our method achieves stream decoding by natural.

The primary contributions of this work are summarized below:
» We propose a novel TSW orthographic projection, which bridging the gap between 3D
Gasussian Splatting and 2D video representation.

» We build an end-to-end trainable video codec GSVC based on TSW by extending an exist-
ing 3DGS compressor.

» We re ne GSVC by time-aware Gaussian generation and optical ow guided deformable
3D Gaussian to improve parameter ef ciency and capture dynamic contents in videos.
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2 RELATED WORK

2.1 LEARNED VIDEO COMPRESSION

Traditional video codecs utilize a variety of hand-crafted rules to eliminate spatial and temporal re-
dundancies such as different intra-prediction and inter-prediction patterns in order to achieve high-
ef ciency encoding (Le Gall, 1991; Wiegand et al., 2003; Sullivan et al., 2012). In video com-
pression methods using deep learning, one approach is to improve existing traditional methods by
replacing certain components, such as entropy coding (Song et al., 2017) and post-processing (Lu
et al., 2018; Song et al., 2018) with neural network. Tian et al. (2024) propose a machine-friendly
video compressor with traditional-neural mixed coding framework.

Another approach is to build an end-to-end deep learning video codec which jointly optimizes all the
components in video compression pipeline (Lu et al., 2019; Hu et al., 2021). Such methods typically
take advantage of representation ability of neural networks to achieve functions such as feature
transformation and motion compensation (Lin et al., 2020). Liu et al. (2020) utilize the conditional
entropy between frames. Li et al. (2021) propose using feature domain context as condition.

Besides typical end-to-end models, INR-based compression methods, which general require lower
computational resources, provide a different view of compression task. These representation meth-
ods encode the signal itself implicitly in the weights of a neural network, The neural representation
has attracted attention for its performance in synthesizing new views in 3D scenes (Mildenhall et al.,
2020), and it has gradually been applied to the representation and compression of images and videos
(Dupont et al., 2021; 2022; Ladune et al., 2023). Chen et al. (2021) rst propose to use timestamps
as the input of the representation network, outputting corresponding video frames. Combining with
network pruning and quantization, this representation method can more effectively capture intra-
frame and inter-frame relationships than NeRF (Mildenhall et al., 2020) in video compression. Sub-
sequent work built on this foundation, with more detailed design of the network structure, achieving
better rate-distortion performance (Chen et al., 2021; 2023; Lee et al., 2023; Kwan et al., 2023).

In comparison to end-to-end video compression models, INR-based methods can achieve lower
computational overhead while not requiring pre-trained models to be deployed at the encoding and
decoding ends. However, neural representation-based video compression methods still have dif -
culty meeting the real-time characteristics in rendering rate, especially for some models with better
RD performance. In addition, these methods need to fully decompress the entire model for frame
reconstruction, making itimpractical to apply to scenarios where streaming transmission is required.

2.2 3D GAUSSIAN SPLATTING

3D Gaussian Splatting (3DGS) (Kerbl et al., 2023) is a method for 3D scene reconstruction that
has emerged in recent years, which has attracted the attention of many researchers with its fast re-
construction speed and real-time rendering characteristics. Different from implicit representation
of NeRF, 3DGS uses a series of Gaussian points in space to represent the 3D information of the
scene. This representation method also provides a new perspective for many tasks. For example,
4D dynamic videos can be represented through moving and deforming Gaussian points in a defor-
mation eld (Lin et al., 2024; Yang et al., 2024c). Shi et al. (2024) embed semantics in 3DGS for
open-vocabulary scene understanding (Yang et al., 2024a). There have also been many works on
improving 3D Gaussian itself, such as Yu et al. (2024) improving the reconstruction quality through
Mip Iter, and Liu et al. (2024) enabling 3D Gaussian to represent super-large scenes through level-
of-detail strategy. In terms of practical applications, some work has explored reducing the storage
overhead of 3D Gaussian through pruning (Yang et al., 2024b) and entropy coding (Chen et al.,
2024).

Although 3D Gaussian is speci cally designed for 3D scenes, it has the potential to be a general sig-
nal representation method that can be applied to more elds. Zhang et al. (2024) transform the 3D
splatting rendering process into a 2D splatting rendering process, building an image representation
and compression pipeline based on Gaussian representation. Shin et al. (2024) represent video by
foreground Gaussian and background Gaussian, and further achieve video editing. Despite its strong
expressive capabilities and fast rendering speed, the exploration of Gaussian in non-3D representa-
tion elds is insuf cient. How to design better representations to apply 3D Gaussian to different
signal like video remains a question.



Published as a conference paper at ICLR 2025

3 METHOD

The implicit assumption of 3DGS for effective scene representation and novel view synthesis is that
the dataset describes a 3D scene that can be observed from multiple viewpoints. The assumption
may be violated when extend 3DGS to general-purpose representation model (Zhang et al., 2024).
To address the issue, we transform the original camera model of 3DGS to TSW orthographic pro-
jection (abbreviated as TSW in following sections). TSW is based on the assumption of similarity
between neighboring frames, which is inherent characteristics of videos. With TSW, we can easily
transform any 3D Gaussian model to video representation model. In section 3.1 we brie y review
the background of 3DGS and entropy constrained 3DGS, HAC(Chen et al., 2024). Section 3.2 in-
troduces TSW in details. To enhance the clarity of our method, we illustrate the overall framework
of GSVC in Fig. 3. Section 3.3 and section 3.3 explain then time-aware Gaussian generation and
optical ow guidance respectively. Section 3.5 summarizes the pipeline of GSVC and introduce the
post-compression process.

3.1 PRELIMINARIES

3D Gaussian Splatting is designed to synthesis high-quality novel view of a 3D scene ef ciently
from photos, which is known as inverse rendering. 3DGS models a 3D scene as a large amount of
3D Gaussian points represented by

G =exm( Hx Y x ) @

where and are the mean position and covariance matrix of a 3D Gaussian patrticle. In rendering
process, Gaussian particle are projected to pixel space to obtain 2D Gaussian parameterfzed by

o= Jw WwW?>J7; 2
whereW is view transformation andl is is the Jacobian of the af ne approximation of the perspec-
tive transformation. Each pixel col@ is calculated following -blending

X 1

C= ci i (1 ) 3)

where is derived from ° To maintain the positive semi-de niteness, covariance matrix is further
decomposed as rotatidh and scalings,i.e. = RSS”R~.

In Scaffold-GS (Lu et al., 2024), all previous parameters are generated from anchor with location
x2 and attributedA = ff2 2 RP";| 2 R® 0 2 R3 g, where each component represents anchor
feature, scaling and offsets, respectively. HAC (Chen et al., 2024) further exploits mutual relation
betweenA andf " := Interp( x2;H), to achieve ef cient compression, wheke is binary hash

grid.

3.2 BRIDGING 3D GAUSSIAN SPLATTING AND 2D VIDEO

Few of previous work investigates the method of representing video by 3DGS. Shin et al. (2024)
decompose video to foreground Gaussians and background Gaussians. This method requires explicit
foreground and background content in the video, but this assumption is not always valid in many
videos, such as screen recordings and hand-drawn animations, which are non-natural scene videos.
Our core idea is to view 2D videos as a 3D manifold and represent the video using 3D Gaussians
directly in the manifold space. This means that every Gaussian point not only affects different pixels
at the same time but also affects the same pixel at different times.

Speci cally, we view 2D axis xy and time axis t in video as 3D axis xyz in 3D space, and represent
the 3D space by Gaussian particles. In render stage, we introduce Toast-like sliding window (TSW)
orthographic projection, as shown in Fig. 2c. When rendering frame with time stame select

all Gaussians with coordinatefalling into [t;  h;t; + h], which is similar to near clip and far

clip in normal orthographic projection. We note spdige h;t;] and[t;;t; + h] asV; andV,
respectively. After culling stage, we use plane t; as camera plane and perform 3D Gaussian
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(a) Perspective Projection (b) Orthographic Projection (c) TSW Orthographic Projection

Figure 2: Comparison of different camera models.

Splatting rendering processV¥ andV,. Since af ne approximation is unnecessary for orthographic
projection, the Jacobian matrixis identity matrix. Eq. 2 can be simpli ed as

'=w w?>: (4)

To utilizes the bi-directional similarity along time axis, we obtain nal reconstructed frame from the
average of rendering results'\égf andV,. We show more details and visualization in Appendix A.3.

When using a 3D manifold to represent a 2D video, the redundancy in the t/z axis is often greater
than that of the xy axis, which is one of the most important differences from the usual 3D co-
ordinates. The sliding window mechanism improves the representation ef ciency by reusing and
effectively reduces the redundant information on the time axis. At the same time, this representa-
tion method only assumes the similarity in the time axis of the video, and does not require explicit
3D structures, which is more suitable for general video representation scenarios. Moreover, when
reconstructing frames, only Gaussian points within the sliding window participate in the rendering
process, naturally achieving the goal of stream decoding and random decoding.

3.3 TIME-AWARE GAUSSIAN GENERATION

In Scaffold-GS, the generation process of Gaussian points is performed by taking the viewpoint
coordinates and anchor point features as inputs, achieving perspective-aware Gaussian Splatting
rendering. However, previous studies have shown that directly using coordinates as inputs prevents
the network from learning high-frequency features, deteriorates reconstruction quality. Therefore,
we use time stamp of frame and anchor location relative to the camera plarfeas input after
positional encoding (Mildenhall et al., 2020; Tancik et al., 2020)

pe(p) = (sin(2k p );cos(X p )y ®)
We setl = 16 for botht and z 2.
In terms of network architecture, we add feature-wise linear modulation (FiLM) layers (Perez et al.,
2018) to MLP. The FiLM layers apply af ne transformations to features based on condition inputs.
Compared with the original MLP, incorporating FiLM layers increase the network capacity and

improve parameter ef ciency, which is important to compression task. In our method, the transfor-
mation parameters of the FiLM layers are computed from input positional encoding

ic = Oc(pe(t);pe(z?)); ic = he(pe(t);pe(z?)) (6)

wherei denotes the index of anchardenotes the different FiLM layer of different attributes such
as colorc. The nal attribute value are computed from anchor features and FiLM transformation

fi = MLP ((f?); @)
f/} =FiLM o(fij ics ic)= icfit ic (8)
c = MLP Xf}); 9)

Here we use color as an example, and the calculation for other attributes are similar.
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In addition to the attribute network, we also added a deformation network (Yang et al., 2024c) to
enhance the capability of modeling dynamic content. The deformation network takes the positional
encoding and anchor feature as input and calculates the dynamic offset @elfahe spawned
Gaussians at time

0 = MLP o(f ?; pe(t); pe(z?)): (10)
Given the anchox?, nal position of spawned Gaussians are
fo; 1500 k 1= x*+( o+ fog;01;:0050¢ 10)1? (11)
wherefog; 01;:::;0k 19 2 RX 3are the learnable offsets attlis the scaling factor associated

with that anchor.

3.4 OrPTICAL FLOW GUIDED DEFORMATION

High dynamic objects often appear in real-world videos. Currently, research on using 3D Gaussian
representation for dynamic content mainly focuses on 4D video (Yang et al., 2024c). Studies on
high dynamic content are still insuf cient Some work uses optical ow information as auxiliary
supervisory signals to guide the training process (Tang et al., 2023). However, such methods usually
require an additional network to estimate the optical ow information between reconstructed frames.
The performance is affected by the auxiliary network. The explicit representation of 3D Gaussian
provides another way to utilize optical ow information.

During the training, we render adjacent two frames simultaneously. For Gaussian points that appear
in both frames, we directly supervise their displacement in deformation eld using the optical ow
information corresponding to the pixel coordinate where the Gaussian point is projected according

to

X

L optical ;t; = Mt Nity U"tl;tljl; (12)

i=1
where”i; , "it, are the coordinates of thigh Gaussian shared betweev ; Vi,g:, andf Vs ; Voo,
att; andt; in pixel space respectivelu~, ., is the estimated optical ow of corresponding image
pixel. The explicit supervision is more effective than implicit information from original image.
Another bene t is that the optical ow is estimated independent from training process and can be
reused for same video with different model settings.

3.5 TRAINING PIPELINE, POST TRAINING COMPRESSION ANDENTROPY CODER

Fig. 3 illustrates the full pipeline of GSVC. We integrated all of the above modules to achieve joint
training of reconstruction quality, bit rate, and optical ow constraints.

1

L =L+ N(Da+6+3 K)(Lentropy + Lhash)+ oLopticaI + slscaold (13)

whereL (o is fusion loss of L1 loss and SSIM loss between ground truth and average render results
of Vi andVp. L gpiicar iS the optical 10SSL scaold » Lentropy @ndL hash are similar to previous work.
, oand s are trade-off hyper-parameters among each component.

Despite HAC-based architecture can estimate the end-to-end entropy of most parameters, the anchor
coordinates are only quantized during training and not included in the entropy estimation pipeline.
The network parameters are also saved in full precision 32-bit. In 3D scene compression, the bit
rate of anchor coordinates and network parameters is not high, so saving them in this way will not
signi cantly affect performance. However, in video tasks, we found that the proportion of these two
parts has a signi cant increase. Therefore, we further encoded these parameters to improve the nal
RD performance.

For the anchor points, we use a geometry-based point cloud compression tool, 'FRB@arz

et al., 2018), to ensure the accuracy of the reconstruction. We compress the quantized anchor point
coordinates in a lossless manner. Since G-PCC compression reorders the anchor point sequence, we
also adjust the order of related attributes before entropy coding them. For all network parameters,

Yhttps://github.com/MPEGGroup/mpeg-pcc-tme13
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Figure 3: The framework of GSVQ.is the timestamp of frame to be renderagf. and are
estimated quantization step, mean and scale used in entropy cdtidgnotes we encode anchor
attributesA = ff2 2 RP":| 2 R® 0 2 R3¢ g by Normal distribution. SimilarlyB represent
Bernoulli, used to encode binary hash gild AE/AD represent ANS (Duda et al., 2015) encoder
and decoder. Note the offsets mask is also decoded from bitstream.

following previous work (Chen et al., 2021), we directly quantize them to 8 bits. After this post-
processing, the compression ratio can be further improved.

Furthermore, we implemented a GPU-based entropy codec according to ANS theory (Duda et al.,
2015; Bamler, 2022). Most of entropy coders utilize the powerful serial computation ability of
CPU cores but misalign with the requirements of emerging compressor building on neural network,
which conduct most of the computation on GPU. Frequent communication between CPU and GPU
will deteriorate the coding speed, let alone the bottleneck of pure serial processing. In proposed
entropy codec, we take advantage of parallelization by probing decoding. Appendix A.1 explains
the detail designs.

4 EXPERIMENTS

4.1 EXPERIMENTS SETUP

DatasetAll experiments are performed on popular UVG dataset (Mercat et al., 2020). We select
rst 7 videos as dataset, consisting videos with resolutiobhd#0 1080and600 6+300 = 3900
frames in total, following previous works (Chen et al., 2021; Lee et al., 2023). In GSVC, we use
optical ow estimated by pre-trained model of VideoFlow (Shi et al., 2023).

Metrics We use the peak signal-to-noise ratio (PSNR) in RGB 4:4:4 and MS-SSIM (Wang et al.,

2003) as distortion quality metric, which are the most widely used metric in compression. We

also report LPIPS (Zhang et al., 2018) in main experiment, which is a popular perceptual metric to
measure realism. Bit-per-pixel (BPP) is used as coding ef ciency metric.

Implementation details We implement differentiable rasterizer with orthographic projection based
the repository of HAC. The sliding window mechanism and GSVC are implemented with PyTorch.
In experiments of 3DGS family methods, we build Structure-from-Motion (SfM) cloud directly from
UVG dataset by COLMAP (Sd@nberger & Frahm, 2016; Séhberger et al., 2016). For video fails

to converge or generates multiple SfM clouds, we skip the video in experiments. For TSW variant of
3DGS family methods and GSVC, there is no trivial method to obtain a meaningful initialization like
SfM. We simply start training from random initialized point cloud. We assign camera position of
each frame af0; 0; t,), wheret,, is normalized timestamp of corresponding frame. Wehset0 :4

for HoneyBeeh = 0:2 for ShakeNDry andh = 0:05 for other videos. We reproduce the results of
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