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Figure 1: An illustration of the necessity of using autoregressive model in the anchor level. While
Scaffold-GS [20] greatly reduces the spatial redundancy among adjacent 3D Gaussians by group-
ing them and introducing a new data structure anchor to capture their common features, spatial
redundancy still exists among anchors. Our method, ContextGS, first proposes to reduce the spatial
redundancy among anchors using an autoregressive model. We divide anchors into levels as shown in
Fig. (b) and the anchors from coarser levels are used to predict anchors in finer levels, i.e., • predicts •
then •• together predict •. Fig. (c) verifies the spatial redundancy by calculating the cosine similarity
between anchors in level 0 and their context anchors in levels 1 and 2. Fig. (d) displays the bit savings
using the proposed anchor-level context model evaluated on our entropy coding based strong baseline
built on Scaffold-GS [20]. Compared with Scaffold-GS, we achieve better rendering qualities, faster
rendering speed, and great size reduction of up to 15 times averaged over all datasets we used.

Abstract

Recently, 3D Gaussian Splatting (3DGS) has become a promising framework for
novel view synthesis, offering fast rendering speeds and high fidelity. However,
the large number of Gaussians and their associated attributes require effective
compression techniques. Existing methods primarily compress 3D Gaussians
individually and independently, i.e., coding all the 3D Gaussians at the same time,
with little design for their interactions and spatial dependence. Inspired by the
effectiveness of the context model in image compression, we propose the first
autoregressive model at the anchor level for 3DGS compression in this work. We
divide anchors into different levels and the anchors that are not coded yet can be
predicted based on the already coded ones in all the coarser levels, leading to more
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accurate modeling and higher coding efficiency. To further improve the efficiency
of entropy coding, e.g., to code the coarsest level with no already coded anchors,
we propose to introduce a low-dimensional quantized feature as the hyperprior for
each anchor, which can be effectively compressed. Our work pioneers the context
model in the anchor level for 3DGS representation, yielding an impressive size
reduction of over 100 times compared to vanilla 3DGS and 15 times compared to
the most recent state-of-the-art work Scaffold-GS, while achieving comparable or
even higher rendering quality.

1 Introduction

Over the past few years, novel view synthetic has rapidly progressed. As a representative work, Neural
Radiance Field (NeRF) [22] uses a Multilayer Perceptron (MLP) to predict the attributes of quired
points in the 3D scene. While good rendering qualities are achieved, the dense querying process
results in slow rendering, which greatly hinders their applications in practical scenarios. Significant
efforts have been made to enhance training and rendering speeds, achieving notable progress through
various techniques, such as factorization [4, 8, 10, 13] and hash grids [24, 12]. However, they still
face challenges in the real-time rendering of large-scale scenes due to the intrinsic limitations of
volumetric sampling. Recently, 3D Gaussian Splatting (3DGS) [15] has achieved state-of-the-art
(SOTA) rendering quality and speed. As an emerging alternative strategy for representing 3D scenes,
3DGS represents a 3D scene using a set of 3D Gaussians initiated from Structure-from-Motion (SfM)
with learnable attributes such as color, shape, and opacity. The 2D images can be effectively rendered
using differentiable rasterization and end-to-end training is enabled. Meanwhile, benefiting from
efficient CUDA implementation, real-time rendering is achieved.

Despite its success, 3DGS still encounters limitations in storage efficiency. Representing large scenes
requires millions of 3D Gaussian points, which demand several GBs of storage, e.g., an average of
1.6 GB for each scene in the BungeeNerf [32] dataset. The huge storage overhead greatly hinders
the applications of 3DGS [15], thus an efficient compression technique is required. However, the
unorganized and sparse nature of these 3D Gaussians makes it highly challenging to effectively reduce
data redundancy. To address this issue, various techniques have been proposed to enhance the storage
efficiency of 3D Gaussian models. For example, [7, 18, 25, 26] proposed to discretize continuous
attributes of 3D Gaussians to a cluster of attributes stored in the codebooks; [7, 18] proposed to prune
neural Gaussians with little effect. Entropy coding is also used to reduce the storage overhead by
further encoding neural Gaussian features into bitstream [11, 5, 18, 23]. Although space utilization
has greatly improved, they focus more on individually compressing each Gaussian point and do
not well explore the relationship and reduce the spatial redundancy among neural Gaussians. To
further reduce the spatial redundancy, most recently, [20] proposed to divide anchors into voxels and
introduced an anchor feature for each voxel to grasp the common attributes of neural Gaussians in the
voxel, i.e., the neural Gaussians are predicted by the anchor features. While the spatial dependency
has been significantly reduced, as shown in Fig. 1 (c), the similarity among anchors remains high in
certain areas, indicating that spatial redundancy still exists.

To further enhance the coding efficiency of 3D scenes, we propose a novel framework named
ContextGS for 3DGS compression. Inspired by the effectiveness of context models [31] in image
compression [21], we introduce an autoregressive model at the anchor level into 3DGS. Specifically,
building on Scaffold-GS [20], we divide anchors into hierarchical levels and encode them progres-
sively. Coarser level anchors are encoded first, and their decoded values are used to predict the
distribution of nearby anchors at finer levels. This approach leverages spatial dependencies among
adjacent anchors, allowing already decoded anchors to better predict the distribution of subsequent
anchors, leading to significant improvements in coding efficiency. Additionally, anchors decoded at
coarser levels can be directly used in the final fine-grained level, reducing storage overhead. To further
enhance coding efficiency, especially for encoding the coarsest level anchors without already decoded
ones, we employ a quantized hyperprior feature as an additional prior for each anchor. It is worth
noting that the proposed method can also support vanilla 3DGS renderers by simply removing the
view-dependent features from the anchor feature. Our contributions can be summarized as follows:

• We propose the first context model for 3DGS at the anchor level. By predicting the properties
of anchors that are not coded yet given already coded ones, we greatly eliminate the spatial
redundancy among anchors.
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• We propose a uni�ed compressing framework with the factorized prior, enabling end-to-end
entropy coding of anchor features. Besides, a strategy for anchor layering is proposed,
which allows already decoded anchors to quickly locate adjacent anchors that are to be
decoded. Meanwhile, the proposed method avoids redundant coding of anchors by the
proposed anchor forward.

• The experimental results on real-world datasets demonstrate the effectiveness of the proposed
method compared with SOTA and concurrent works. On average across all datasets, our
model achieves a compression ratio of 15� compared to the Scaffold-GS model we used
as the backbone and 100� compared to the standard 3DGS model, while maintaining
comparable or even enhanced �delity.

2 Related works

2.1 Neural radiance �eld and 3D Gaussian splatting

Early 3D scene modeling often employs the Neural Radiance Field (NeRF) [22] as a global ap-
proximator for 3D scene appearance and geometry. These approaches [2, 29, 30] use a multi-layer
perceptron (MLP) to implicitly represent the 3D scene by predicting attributes of queried points.
However, the dense querying process results in extremely slow rendering. Various methods have been
developed to speed up the rendering process signi�cantly [6, 9, 27], such as plane factorization-based
techniques like K-Planes [8] and TensoRF [4], and the use of hash grid features in InstantNGP [24].
While these methods enable high-quality rendering with a much smaller MLP compared to the
vanilla NeRF, rendering a single pixel still requires numerous queries. This can lead to increased
storage requirements for the grid-based features and dif�culties in ef�ciently rendering empty space
or large-scale scenes. To achieve real-time and ef�cient rendering while maintaining high �delity,
3DGS [15] introduces an innovative approach by representing the scene explicitly with numerous
learnable 3D Gaussians. By employing differentiable splatting and tile-based rasterization [17],
3DGS [15] optimizes these Gaussians during training in an end-to-end manner.

2.2 Deep compression

Despite the effectiveness of 3DGS [15] in rendering speed and �delity, the large number of Gaussians
and their associated attributes result in signi�cant storage overhead. Many techniques are proposed to
reduce the storage requirements of 3DGS. For example, [7, 18] proposes to prune neural Guassians
(aka 3D Gaussians) with minimal impact. [7, 18, 25, 26] propose to utilize codebooks to cluster
Gaussian parameters. Entropy coding is also used in [11, 5, 18, 23] to encode neural Gaussians into
bit streams by modeling their distributions. While remarkable performances are achieved, they mainly
focus on improving the ef�ciency of a single neural Gaussian and neglect the spatial redundancy
among neighbor neural Gaussians. Most recently, Scaffold-GS [20] proposes to introduce an anchor
level to capture common features of nearby neural Gaussians in the same voxel, and successive
work [5] demonstrates its effectiveness by further introducing hash-feature as a prior for entropy
coding. However, [5] codes all the anchors at the same time, and its spatial redundancy can be further
reduced. In the image compression task, an important category of methods to improve the coding
ef�ciency is the context model [21, 31], which greatly reduces the spatial redundancy by predicting
the distribution of latent pixels based on an already coded one. Inspired by the context models used
in compression, we propose to encode the anchor features in an autoregressive way,i.e., predict the
anchor points from already coded ones at coarser levels. As far as we know, we are the �rst to reduce
the storage redundancy of 3DGS using a context model at the anchor level.

3 Preliminary

3DGS[15] utilizes a collection of anisotropic 3D neural Gaussians to depict the scene so that the
scene can be ef�ciently rendered using a tile-based rasterization technique. Beginning from a set of
Structure-from-Motion (SfM) points, each Gaussian point is represented as follows

G(x) = e� 1
2 (x � � )T � � 1 (x � � ) ; (1)

wherex is the coordinates in the 3D scene,� and� are the mean position and covariance matrix
of the Gaussian point, respectively. To ensure the positive semi-de�nite of� , � is represented as
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Figure 2:(a): An illustration of the data structure we used following Scaffold-GS [19], where anchor
points are used to extract common features of their associated neural Gaussians.(b): The proposed
multi-level division of anchor points. The decoded anchors from higher (coarser) levels are directly
forwarded to the lower (�ner) level to avoid duplicate storage. Besides, taking decompression as
an example, the already decoded anchors are used to predict anchors that are not decompressed yet,
which greatly reduces the spatial redundancy among adjacent anchors. (Best zoom in for details.)

� = RSST R T , whereR andS are scaling and rotation matrixes, respectively. Besides, each neural
Gaussian has the attributes of opacity� 2 R1 and view-dependent colorc 2 R3 modeled by spherical
harmonic [34]. All the attributes,i.e., [� ; R ; S; �; c], in neural Gaussian points are learnable and
optimized by the reconstruction loss of images rendered by the tile-based rasterization.

Scaffold-GS [20]. While representing scenes with neural Gaussians greatly accelerates the rendering
speed, the large amount of 3D Gaussians leads to signi�cant storage overhead. To reduce the
redundancy among adjunct 3D Gaussians, the most recent work, Scaffold-GS [19], proposes to
introduceanchor pointsto capture common attributes of local 3D Gaussians as shown in Fig. 2 (a).
Speci�cally, theanchor pointsare initialized from neural Gaussians by voxelizing the 3D scenes.
Each anchor point has a context featuref 2 R32, a locationx 2 R3, a scaling factorl 2 R3

andk learnable offsetO 2 Rk � 3. Given a camera atx c, anchor points are used to predict the
view-dependent neural Gaussians in their corresponding voxels as follows,

f ci ; r i ; si ; � i gk
i =0 = F (f ; � c; ~dc) (2)

where� c = jjx � x cjj2, ~dc = x � x c
jj x � x c jj 2

, the superscripti represents the index of neural Gaussian

in the voxel,si ; ci 2 R3 are the scaling and color respectively, andr i 2 R4 is the quaternion for
rotation. The positions of neural Gaussians are then calculated as

f � 0; :::; � k � 1g = x + f O0; :::; Ok � 1g � l ; (3)

wherex is the learnable positions of the anchor andl is the base scaling of its associated neural
Gaussians. After decoding the properties of neural Gaussians from anchor points, other processes are
the same as the 3DGS [15]. By predicting the properties of neural Gaussians from the anchor features
and saving the properties of anchor points only, Scaffold-GS [19] greatly eliminates the redundancy
among 3D neural Gaussians and decreases the storage demand.

4 Methodology

The overall framework is shown in Fig. 3. We �rst introduce how to divide anchors into levels with
traceable mapping relationships among adjacent levels in Sec 4.1. Based on that, we present the
entropy coding in an autoregressive way in Sec 4.2, and the overall training objective in Sec 4.3.

4.1 Anchor partitioning strategy

We attempt to divideN anchorsV = f v i gN
i =0 = f (x i ; f i ; l i ; O i )gN

i =0 into K disjoint levels,i.e.,
V = V 0 [ V 1 [ ::: [ V K � 1 andV i \ V j = ? , 8i 6= j . For each anchor setV i , it is expected to
spawn over the whole scene, and be a relatively uniform downsampling of a �ner setV i � 1. Assume
that we encode/decode the scene using the order from levelK � 1 to level0 where levelK � 1 is
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