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Abstract

Gaussian and Laplacian entropy models are proved effec-
tive in learned point cloud attribute compression, as they
assist in arithmetic coding of latents. However, we demon-
strate through experiments that there is still unutilized in-
formation in entropy parameters estimated by neural net-
works in current methods, which can be used for more
accurate probability estimation. Thus we introduce gen-
eralized Gaussian entropy model, which controls the tail
shape through shape parameter to more accurately esti-
mate the probability of latents. Meanwhile, to the best of
our knowledge, existing methods use fixed likelihood inter-
vals for each integer during arithmetic coding, which limits
model performance. We propose Mean Error Discrimina-
tor (MED) to determine whether the entropy parameter es-
timation is accurate and then dynamically adjust likelihood
intervals. Experiments show that our method significantly
improves rate-distortion (RD) performance on three VAE-
based models for point cloud attribute compression, and
our method can be applied to other compression tasks, such
as image and video compression.

1. Introduction

In recent years, point clouds have become an important type
of 3D visual data, with widespread applications in virtual
reality [29], autonomous driving [30], and various other
fields. With the massive generation of point cloud, there
is an urgent need for efficient compression methods. Point
clouds consist of two main aspects: geometry information
and attribute information. Geometry information refers to
the 3D coordinates of the points, while attribute information
includes various details such as color and reflectance. Cur-
rent geometry compression methods, such as the traditional
coding algorithms used in G-PCC [14] and V-PCC [15],
as well as deep learning-based methods like SparsePCGC
[26], OctAttention [7] and EHEM [25], have achieved ef-
ficient compression of point cloud geometry. However,

Figure 1. Rate-speed comparison on 8iVFBv2 [1] and MVUB
[18]. Left-top is better.
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Figure 2. Dynamic likelihood intervals. When the prediction of
mean is inaccurate, squeeze the likelihood interval of ⌊µ⌉ so that
the remaining integer likelihood intervals can shift towards the
center of the entropy model, thereby increasing the likelihood. On
the contrary, when the prediction is accurate, the likelihood inter-
val of ⌊µ⌉ is stretched.

for attribute compression, the achievable compression ra-
tios with current methods are still far below those for ge-
ometry compression. Therefore, our focus is on point cloud
attribute compression based on lossless geometry.

Variational autoencoders (VAEs) [13] have played an
important role in deep learning-based compression frame-
works. Based on VAE, Ballé et al. [2] propose using
hyperpriors to generate multivariate Gaussian distributions

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

11779



for arithmetic coding of latents. Later, in point cloud at-
tribute compression, Gaussian or Laplacian distributions
determined by the mean and scale, have been used as en-
tropy models for latents [9, 19, 20]. In fact, we demonstrate
through experiments that these entropy model parameters
can be utilized to further improve the performance of the
model.

On the other hand, we need to transform continuous en-
tropy models into discrete probability tables for arithmetic
coding [22], where each integer corresponds to a probabil-
ity. Previous work [2] directly uses the half neighborhood
of integers as likelihood intervals to calculate discrete prob-
ability tables. Our experiment shows that this fixed likeli-
hood interval limits the performance of the model.

Based on the above discussion, we propose:

• Using generalized Gaussian distribution which is more
expressive as the entropy model to provide more accurate
probability estimation of the latents.

• Determining the accuracy of the current entropy model
based on mean, scale and decoded latents, then dynami-
cally adjusting the likelihood intervals for more efficient
arithmetic coding.

• Developing a two-step training strategy, as our method
does not make significant changes to the original structure
of the model except adding a few modules, allowing it to
be well applied to current VAE-based models.

2. Related Work

2.1. Learned Image Compression

Learned image compression is a highly developed field, and
its methods are of significant reference value for the com-
pression of point cloud attributes. Ballé et al. [2] are the
first to propose an image compression method based on hy-
perpriors, which has become the foundational framework
for subsequent image compression techniques. Building on
the hyperprior model, Minnen et al. [20] introduce a con-
text module that allows for more accurate estimation of en-
tropy parameters. However, the serial computation required
by the context module substantially increases encoding and
decoding times. He et al. [9] propose a checkerboard model
that utilizes context from anchor regions to assist in the en-
coding of non-anchor regions, reducing the encoding and
decoding time with almost no performance loss. Cheng et
al. [5] suggest replacing Gaussian distributions with mix-
ture Gaussian distributions as the entropy model. Minnen
et al. [19] propose leveraging context between channels to
assist in the encoding process. Recent work [10–12] has
focused on maximizing the use of contextual information
while maintaining the parallelism of the context modules.
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Figure 3. Operational diagrams: Variational compression model
with hyperprior and ontext.

2.2. Point Cloud Attribute Compression
In traditional point cloud attribute compression methods,
the main research focus is on how to optimize prediction
and transformation. Song et al. [24] propose using different
prediction methods for point clouds with different features,
Shao et al. [23] propose using graph transform instead of
discrete cosine transform (DCT), and Peng et al. [21] pro-
pose learning an optimal Laplacian matrix through convex
optimization to achieve better graph transform.

In recent years, the performance of deep learning-based
methods has gradually surpassed traditional methods. Wang
et al. [26] propose the first learned point cloud attribute
compression framework based on context and hyperpriors.
Recent work [27] aims at how to more efficiently utilize
context. Guo et al. [8] propose using context between chan-
nels to increase the parallelism of context modules and com-
bining sparse convolution and transformer to better capture
local and global information. Mao et al. [17] propose layer-
ing point clouds to more fully utilize context achieves SOTA
RD performance. Zhang et al. [6, 31] also propose us-
ing neural networks to enhance traditional methods, which
compensates for the shortcomings of traditional methods’
insufficient predictive ability.

3. Preliminary

3.1. Variational Compression Model with Hyper-
prior and Context

The framework of the variational compression model with
hyperprior and context is shown in Figure 3. y is the latent
representation after encoding, while z is the hyper latent for
estimating the entropy model of y. During training, quanti-
zation is replaced by adding uniform noise from U(− 1

2 ,
1
2 )

to y or z. The entropy model for the decoding part of ŷ
is jointly estimated by ẑ and the context obtained from the
decoded part, while ẑ is compressed by a factorized entropy
model. The model uses rate-distortion cost as the loss func-
tion for end-to-end training:

R+ λ ·D = Ex∼px

[
− log2 pŷ|ẑ(ŷ|ẑ)− log2 pẑ(ẑ)

]
+ λ · Ex∼px [d(x, x̂)]

(1)
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where entropy is used to estimate the bitrate of ŷ and ẑ, and
d(x, x̂) is the distortion of the reconstructed point cloud,
usually represented by MSE or MS-SSIM [28].

In fact, ŷ occupies the vast majority of the total bitrate
(usually more than 95%), of which the probability is mod-
eled by Gaussian likelihoods:

pŷ|ẑ(ŷ|ẑ) =
∏
i

[
N (µi, σ

2
i ) ∗ U

(
−1

2
,
1

2

)]
(ŷi). (2)

The Gaussian distribution in Equation 2 could be replaced
with mixture Gaussian distribution or Laplacian distribu-
tion.

3.2. Generalized Gaussian Distribution
If the random variable X ∼ G(µ, σ, β),then

P (X = x) =
β

2σΓ
(

1
β

)e− |x−µ|β

σβ (3)

where

Γ(z) =

∫ ∞

0

tz−1e−t dt. (4)

Compared to the Gaussian distribution, generalized Gaus-
sian distribution [3] has an additional shape parameter β to
control whether the distribution has a heavy tail or a light
tail, as shown in Figure 4a.

It is worth noting that the generalized Gaussian distribu-
tion degenerates into a Laplacian distribution when β = 1,
or a Gaussian distribution when β = 2.

4. Explore a More Accurate Likelihood
4.1. The Relationship Between Latent and Entropy

Parameters
Obviously, the closer µ is to ŷ in Equation 2, the greater the
likelihood and the lower the bitrate, which can be written as:

argmax
µ

pŷ|ẑ(ŷ|ẑ) = ŷ, (5)

thus we can consider µ as the predicted value of ŷ. Next,
we analyze the optimal value of the scale parameter σ by
fixing µ and ŷ:

argmax
σ

pŷ|ẑ(ŷ|ẑ). (6)

We can conclude that the i-th element of σ satisfies:

σi = argmax
σ

[
N (µi, σ

2) ∗ U
(
−1

2
,
1

2

)]
(ŷi). (7)

Since

N (µi, σ
2)(ŷi) =

1√
2πσ2

e−
(ŷi−µi)

2

2σ2 , (8)

(a) (b)

(c)

Figure 4. Function diagram: (a) Generalized Gaussian distribution
with different shape parameter β while µ = 0. (b) The relationship
between likelihood interval radius δ of ⌊µ⌉ and π = P (ŷ = ⌊µ⌉)
,which is detailed discussed in Section 5.2. (c) Optimal scale σ for
y−µ using Gaussian distribution and Laplacian distribution as the
entropy model respectively.

for situations with accurate predictions (µi and ŷi are close),
the bitrate is relatively low. Therefore, we consider the case
of inaccurate predictions where µi and ŷi have a noticeable
difference. To simplify the calculations in this situation, we
make the following approximations:

f(ŷi, µi, σ) : =
1√
2πσ

e−
(ŷi−µi)

2

2σ2

≈ 1√
2πσ

∫ ŷi−µi+
1
2

ŷi−µi− 1
2

e−
t2

2σ2 dt

=

∫ ŷi+
1
2

ŷi− 1
2

1√
2πσ2

e−
(t−µi)

2

2σ2 dt

=

[
N (µi, σ

2) ∗ U
(
−1

2
,
1

2

)]
(ŷi).

(9)

Then find σopt by the partial derivative:

∂f

∂σopt
=

1√
2π

e
− (ŷi−µi)

2

2(σopt)2

[
(ŷi − µi)

2

(σopt)4
− 1

(σopt)2

]
= 0,

(10)

so the optimal σi for (ŷi, µi) can be approximated by
σopt = |ŷi − µi|. Moreover, we can get the same result
if the Gaussian distribution in Equation 2 is replaced with
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a mixture Gaussian distribution (fix the mixture weights w)
or Laplacian distribution. To visually show the relationship
between σopt(y, µ) and |y − µ|, we numerically compute
σopt(y, µ) and present the results in Figure 4c.

In general, the optimal σ can be approximated as:

argmax
σ

pŷ|ẑ(ŷ|ẑ) ≈ |ŷ − µ| (11)

From the above deduction, the scales σ could be consid-
ered as the prediction of the absolute residual between the
latent and means.

4.2. Preliminary Improvements for Failed Predic-
tions

As discussed above, we can determine whether the pre-
dicted mean µi for ŷi is accurate by σi: µi and ŷi are more
likely to have a noticeable difference if σi is relatively large,
which usually needs more bits for arithmetic encoding. The
integration intervals for calculating likelihoods are typically
at the “tail” of the entropy model for these “failed predic-
tions”, thus we can improve the entropy model:
• Adopting a more “heavy-tailed” entropy model, such as

generalized Gaussian distribution with shape parameter
β < 1.

• Sacrificing the likelihood interval of integers at the central
for the likelihood interval of integers at the tail.
Based on the above discussion, we make preliminary im-

provements to SparsePCAC, which is a classical variational
compression model for point cloud attribute compression
with hyperprior and autoregressive context. As SparseP-
CAC uses Laplacian distribution as its entropy model, we
first roughly assume that for i with σi > 2, the predicted
mean µi for ŷi is inaccurate, then use more heavy-tailed
distributions and likelihood intervals closer to the center for
these i without retraining.

Specifically, we directly use the trained model to obtain
the latent and parameters of entropy models, but modify the
likelihood calculation during encoding and decoding: for
0 < σi ≤ 2, let

pŷi|ẑ(ŷi|ẑ) =
[
L(µi, σi) ∗ U

(
−1

2
,
1

2

)]
(ŷi). (12)

For 2 < σi and |ŷi − µi| ≤ 1
2 , let

pŷi|ẑ(ŷi|ẑ) =
[
G(µi, σi, 0.5) ∗ U

(
−1

4
,
1

4

)]
(ŷi). (13)

For 2 < σi and |ŷi − µi| > 1
2 , let

pŷi|ẑ(ŷi|ẑ) =
[
G(µi, σi, 0.5) ∗ U

(
−1

2
,
1

2

)]
(ŷi +∆)

(14)

where the offset ∆ is:

∆ =
1

4
sgn(µi − ŷi). (15)

We use generalized Gaussian distribution with β = 0.5
for i satisfying σi > 2 in Equation 13 and 14, and narrow
the likelihood interval of ⌊µi⌉, making the likelihood inter-
vals of the remaining integers closer to the center.

Figure 5. Results of preliminary experiment. To highlight the dif-
ferences between different methods, the horizontal axis is calcu-
lated by subtracting improved bpp from the bpp of SparsePCAC.

Figure 5 shows the results of the above improvements
made to the SparsePCAC. From Figure 5, it can be seen
that although the model structure has not been modified or
retrained, there is still a noticeable improvement in encod-
ing performance.

5. Proposed Method
The overall framework of the proposed method is illustrated
in Figure 6 based on the above deduction and experimental
results. We utilize the generalized Gaussian entropy model
and dynamic likelihood interval to encode latents more ef-
ficiently, which will be detailed discussed next.

5.1. Generalized Gaussian Entropy Model
For the input point cloud x, we can first obtain quantized
latent ŷ and hyper latent ẑ through autoencoders (ga, gs)
and (ha, hs):

ŷ = Q(y) = Q(ga(x))

ẑ = Q(z) = Q(ha(y)),
(16)

then use the generalized Gaussian distribution as the en-
tropy model for ŷ:

pŷ|ẑ(ŷ|ẑ) ∼ G(µ,σ,β). (17)

We estimate the mean and scale of the generalized Gaus-
sian entropy model by combining hyperprior and context ,
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Figure 6. Overall framework. We propose using the generalized Gaussian distribution as the entropy model to better estimate the probability
of latents, and dynamically adjust likelihood intervals based on predicted entropy parameters. The entire network is trained by proposed
two-step training strategy. Q represents quantization and C represents concatenation. Blue and red lines represent the encoding and
decoding steps respectively, while yellow lines represent the steps that need to be performed in both encoding and decoding.

which is similar to SparsePCAC:

(µi, σi) = gep(gcm(ŷ<i), hs(ẑ)). (18)

As the likelihood is determined by the probability density
function in Equation 3 which depends on x−µ (i.e., ŷ−µ),
σ and β, the optimal β can be determined given ŷ−µ and
σ in order to maximize the likelihood. Different from µi

and σi, ŷi is unknown when determining βi, so we propose
another context model hcm to extract context from the ab-
solute difference between predicted µ and decoded ŷ:

C = hcm(|ŷ − µ|<i). (19)

Therefore, we combine (µ,σ) and context C to estimate β:

βi = hep(C,µ≤i,σ≤i)

= hep(hcm(|ŷ − µ|<i),µ≤i,σ≤i).
(20)

5.2. Dynamic Likelihood Interval
In current methods, when performing arithmetic encoding
on ŷi using a continuous entropy model G(µi, σi, βi), the
probability of integer n is determined based on fix likeli-
hood intervals:

P (ŷi = n) =

[
G(µi, σi, βi) ∗ U

(
−1

2
,
1

2

)]
(n)

=

∫ n+ 1
2

n− 1
2

G(y|µi, σi, βi) dy.

(21)

Results of preliminary experiment indicate that a fixed like-
lihood interval does not fully utilize the effective informa-
tion contained in the parameters of the entropy model. In
fact, we can determine whether the prediction for ŷi is ac-
curate based on the entropy model parameters and decoded
latent. If the prediction is inaccurate, indicated by a large
|ŷi − µi|, we can obtain a more precise discrete probability
distribution for arithmetic encoding by shortening the like-
lihood interval for the central region integers, which causes
bigger likelihoods of the integers in the marginal regions as
the likelihood intervals of these integers converge toward
the center. Conversely, if the prediction is accurate, we can
extend the likelihood interval for the central region integers
by sacrificing the likelihood interval of the marginal region
integers.

However, it is challenging to accurately determine
whether the likelihood interval of each integer should be
extended or shortened. Therefore, we consider scaling the
likelihood interval of ⌊µi⌉ while translating the likelihood
intervals of the remaining integers to obtain a more accu-
rate discrete probability distribution for the sake of model
simplicity and effectiveness, which is illustrated in Figure
2.

As discussed above, we should first determine the accu-
racy of the prediction µi for ŷi. Therefore, we estimate the
probability of ŷi = ⌊µi⌉ using Mean Error Discriminator
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Encoder ga* Decoder gs* Hyper Encoder ha* Hyper Decoder hs* Context Prediction gcm*, hcm Entropy Parameters gep* Entropy Parameters hep Mean Error Discriminator dme

SConv 33 c64 TSConv 33 c128 s2↑ SConv 33 c128 TSConv 33 c128 s2↑ Masked 53 c256 SConv 13 c384 SConv 13 c384 SConv 13 c384
SConv 33 c128 s2↓ SConv 33 c128 Leaky ReLU SConv 33 c128 Leaky ReLU Leaky ReLU Leaky ReLU

Leaky ReLU Leaky ReLU SConv 33 c128 Leaky ReLU SConv 13 c256 SConv 13 c256 SConv 13 c256
SConv 33 c128 TSConv 33 c128 s2↑ SConv 33 c128 s2↓ TSConv 33 c256 s2↑ Leaky ReLU Leaky ReLU Leaky ReLU

SConv 33 c128 s2↓ SConv 33 c128 Leaky ReLU SConv 33 c256 SConv 13 c256 SConv 13 c128 SConv 13 c128
Leaky ReLU Leaky ReLU SConv 33 c128 Leaky ReLU Leaky ReLU

SConv 33 c128 TSConv 33 c64 s2↑ SConv 33 c128 s2↓ SConv 33 c256 Sigmoid
SConv 33 c128 s2↓ SConv 33 c3

Table 1. Network Architecture. The modules marked with * refer to SparsePCAC and will be replaced with corresponding modules in
subsequent experiments while hcm we propose is consistent with gcm. “SConv” is sparse convolution and “TSConv” is transposed sparse
convolution.

dme based on (µ,σ) and context C:

πi : = P (ŷi = ⌊µi⌉)
= dme(C,µ≤i,σ≤i)

= dme(hcm(|ŷ − µ|<i),µ≤i,σ≤i).

(22)

Next, We determine the likelihood intervals of ⌊µi⌉ and
the remaining integers separately. In order to determine the
likelihood interval of ⌊µi⌉:

LI(⌊µi⌉|µi, σi, πi) = U
(
−δi

2
,
δi
2

)
(⌊µi⌉), (23)

we set the range for δi as follow:

1

1 + σi
≤ δi ≤

1

1− e−σi
. (24)

Equation 24 uses σ to determine the upper bound of stretch-
ing ( 1

1−e−σi
, with a range of (1,+∞)) and the lower bound

of squeezing ( 1
1+σi

,with a range of (0, 1)) of the scaling ra-
tio δi. Since larger σi means inaccurate µi, it is better to
reduce the likelihood interval of µi at this time, so Equation
24 ensures that both upper bound and lower bound will de-
crease when σi increases. By combining the bounds of δi
and the probability πi, the final δi is:

δi =

{
1 + (2πi − 1)( 1

1−e−σi
− 1) if πi ≥ 1

2

1− (1− 2πi)(1− 1
1+σi

) if πi <
1
2

. (25)

Equation 25 uses the relationship between πi and 0.5 to de-
termine whether to stretch or squeeze, and uses |2πi−1| (to
make the whole function continuous) and σi to determine
the final δi. As shown in Figure 4b, for πi ≥ 1

2 , we con-
sider that ŷi is more likely to be in the tail of the entropy
model, which leads us to shorten the likelihood interval of
⌊µi⌉. Conversely, we expand the likelihood interval of ⌊µi⌉
for πi <

1
2 .

Naturally, for integer n ̸= ⌊µi⌉, we set its likelihood
interval as:

LI(n|µi, σi, πi) =

{
U
(
δi
2 − 1, δi

2

)
(n) if n > ⌊µi⌉

U
(
− δi

2 ,−
δi
2 + 1

)
(n) if n < ⌊µi⌉

.

(26)

5.3. Network Architecture
The structures of different neural network modules in our
method are outlined in Table 1. Please note that the modules
marked with * are the same as SparsePCAC for example.
In subsequent experiments, we will replace the structures
of these modules with those of corresponding modules in
different existing methods.

5.4. Loss Function
We still use the rate-distortion cost with MSE distortion as
the loss function for training:

L = R+ λ ·D
= Ex∼px

[
− log2 pŷ|ẑ(ŷ|ẑ)− log2 pẑ(ẑ)

]
+ λ · Ex∼px [d(x, x̂)],

(27)

but the likelihoods of latent ŷ need to be calculated ac-
cording to generalized gaussian entropy model and dynamic
likelihood intervals:

pŷ|ẑ(ŷ|ẑ) =
∏
i

[G(µi, σi, βi) ∗ LI (µi, σi, πi)] (ŷi).

(28)

6. Experimental Results
6.1. Datastes
To show the model’s transferability, we construct the train-
ing and testing datasets as follow:

Training Dataset. We use ShapeNet [4] and COCO [16]
to construct the training dataset as in [26]. We randomly
sample points from the meshes in ShapeNet, apply random
rotation to them, and then quantize the coordinates into 8-
bit integers to represent the geometry of point clouds. The
number of points in each point cloud ranges from 50,000
to 100,000. Next, we randomly select images from COCO
and project them onto the point clouds obtained through the
aforementioned steps as the attributes of these point clouds.
We generate 12,000 samples for traning by this approach.

Testing Dataset. We selected nine point cloud se-
quences from 8iVFBv2 [1] and MVUB [18] as the testing
dataset. Each point cloud sequence contains between 200
and 300 frames, with each frame consisting of 500,000 to
2,000,000 points, which contains rich texture information.

11784



Figure 7. Demonstration of rate-distortion curves for the proposed method applied to three baseline models on nine point cloud sequences.

6.2. Baseline Models
We apply the proposed method to the following VAE-based
models to demonstrate the effectiveness of our method.

SparsePCAC: The first variational model with hy-
perprior and context for point cloud attribute compres-
sion, which generates autoregressive context serially using
masked sparse convolutions [26].

TSC-PCAC: The TSCM module is introduced based on
SparsePCAC, which combines transformer and sparse con-
volution to better capture both local and global information.
Additionally, a channel-based context module is proposed
to reduce encoding and decoding time [8].

SPAC: One of the current state-of-the-art frameworks
based on VAE. SPAC proposes using Fast Fourier Trans-
form to hierarchically process the point clouds and then
compress them by SparsePCAC, where the high-frequency
layers could leverage the contex from the low-frequency
layers while coding [17].

6.3. Two-Step Training
We apply the generalized Gaussian entropy model and dy-
namic likelihood intervals proposed in Section 5 to each
baseline model in Section 6.2.Then train these improved
models and compare the coding results with those of the
baseline models. Specifically, we replace the structures of

the modules marked with * in Table 1 (i.e., the modules in
the classic variational compression model with hyperprior
and context) with the corresponding module structures from
baseline models. For the sake of simplicity and effective-
ness in training, we perform following two-step training to
prevent the model from being difficult to converge due to
too many parameters:
• First train the modules in the baseline models, includ-

ing the autoencoder (ga, gs), hyper autoencoder (ha, hs),
context model gcm and the estimating module gep for
mean and scale. Meanwhile, disable hcm, hep and dme

we propose, and set β = 1,π = 1
2 , thus the generalized

Gaussian distribution degenerates into Laplacian distri-
bution and dynamic likelihood intervals degenerates into
U(− 1

2 ,
1
2 ):

pŷ|ẑ(ŷ|ẑ) =
∏
i

[
G(µi, σi, 1) ∗ LI

(
µi, σi,

1

2

)]
(ŷi)

=
∏
i

[
L(µi, σi) ∗ U

(
−1

2
,
1

2

)]
(ŷi).

(29)

• Train hcm, hep and dme while freezing the modules
trained in the first step.
We set λ = 400, 1000, 4000, 8000 and 16000 in order to

get different bitrate points.
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Point Clouds
Ours vs SparsePCAC Ours vs TSC-PCAC Ours vs SPAC

BD-BR(%) BD-PSNR(dB) BD-BR(%) BD-PSNR(dB) BD-BR(%) BD-PSNR(dB)
Y YUV Y YUV Y YUV Y YUV Y YUV Y YUV

Andrew -10.46 -11.97 0.35 0.38 -8.82 -9.99 0.21 0.24 -6.07 -6.38 0.13 0.14
David -9.92 -11.93 0.41 0.46 -9.37 -10.09 0.31 0.32 -5.18 -5.35 0.17 0.17
Longdress -10.39 -10.65 0.34 0.36 -8.87 -9.31 0.24 0.25 -5.29 -5.70 0.15 0.16
Loot -10.83 -11.15 0.52 0.54 -8.43 -9.67 0.36 0.39 -4.29 -5.76 0.18 0.22
Phil -9.35 -10.97 0.39 0.42 -7.95 -9.40 0.25 0.29 -5.03 -5.92 0.13 0.15
Redandblack -10.06 -10.50 0.35 0.36 -8.02 -8.83 0.24 0.25 -5.24 -5.87 0.20 0.20
Ricardo -9.74 -11.07 0.47 0.49 -8.76 -9.24 0.33 0.36 -5.20 -5.93 0.21 0.22
Sarah -10.85 -11.00 0.39 0.42 -8.34 -10.11 0.27 0.28 -6.38 -8.13 0.21 0.24
Soldier -11.96 -13.93 0.59 0.61 -7.99 -8.91 0.29 0.32 -4.77 -5.96 0.18 0.21
Average -10.40 -11.46 0.42 0.45 -8.51 -9.51 0.28 0.30 -5.27 -6.11 0.17 0.19

Table 2. BD-BR and BD-PSNR comparisons between three baseline models improved by proposed method and original results.

Point Clouds SparsePCAC with GGEM SparsePCAC with DLI
BD-BR(%) BD-PSNR(dB) BD-BR(%) BD-PSNR(dB)

Andrew -5.94 0.18 -6.51 0.30
David -5.03 0.22 -6.60 0.28
Longdress -5.79 0.16 -6.47 0.29
Loot -5.19 0.21 -7.70 0.30
Phil -6.08 0.17 -5.49 0.25
Redandblack -5.48 0.20 -6.46 0.28
Ricardo -5.82 0.16 -6.16 0.28
Sarah -5.11 0.18 -7.94 0.27
Soldier -5.90 0.19 -8.13 0.31
Average -5.59 0.19 -6.83 0.28

Table 3. Ablation study for GGEM (generalized Gaussian entropy
model) and DLI (dynamic likelihood interval) based on SparseP-
CAC.

6.4. Rate-Distortion Performance
Figure 7 illustrates the rate-distortion performance of differ-
ent methods in nine point cloud sequences. Table 2 shows
the BD-BR and BD-PSNR gains achieved by applying gen-
eralized Gaussian entropy model and dynamic likelihood
interval to baseline models.

As shown in Figure 7 and Table 2, our method improves
performance across all baseline models. The largest im-
provement is observed for SparsePCAC, which achieves
an average bitrate reduction of 11.46%, followed by TSC-
PCAC with an average bitrate reduction of 9.51%. The
smallest improvement is observed for SPAC, which still re-
sults in an average bitrate saving of 6.11%. We be believe
this outcome can be attributed to the fact that SparsePCAC
has the weakest performance among the baseline models,
with less accurate entropy parameter estimation. Therefore,
adjustments to the entropy model and likelihood intervals
are more effective in this case. In contrast, SPAC already
has relatively accurate estimation for mean and scale pa-
rameters, so even optimal adjustments lead to a smaller im-
provement in performance.

6.5. Computational Complexity
Table 4 illustrates the encoding and decoding time for com-
pressing point cloud sequences using different methods.

Our method does not significantly affect the parallelism
of baseline models’ encoding and decoding, as we set the

Methos Ours vs SparsePCAC Ours vs TSC-PCAC Ours vs SPAC
Origin Ours Origin Ours Origin Ours

Enc.(s) 74.05 163.74 3.92 8.24 132.60 287.59
Dec.(s) 427.63 904.17 7.60 17.80 108.58 231.14

Table 4. Comparison of complexity. Take the average time of
encoding and decoding all point clouds as results.

second context module hcm to be the same as gcm. For
TSC-PCAC with the highest parallelism, our method in-
curs the least additional encoding and decoding time. In
contrast, for SparsePCAC, which uses a fully serial context
module, our method incurs the most additional time.

6.6. Ablation Study
In order to separately demonstrate the effectiveness of gen-
eralized Gaussian entropy model and dynamic likelihood
interval, we add only one of these two modules to SparseP-
CAC then perform two-step training, and the results are
shown in Table 3. We can learn from Table 3 that both gen-
eralized Gaussian entropy model and dynamic likelihood
interval have a positive effect on improving coding perfor-
mance, which is consistent with the results from the prelim-
inary experiment.

7. Conclusion and Future Work
We conduct simple experiments to demonstrate the lim-
itations of current Gaussian and Laplace entropy mod-
els. Then we propose using generalized Gaussian distribu-
tion for more accurate probability estimation of latents and
leverage MED to dynamically adjust the likelihood inter-
vals of integers. Our method significantly improves the RD
performance of three tested VAE-based models. Since our
method only adds a few modules to original models with-
out fundamentally changing their architecture, and can be
trained by proposed two-step training, it is easily portable
to other SOTA VAE-based models.

In future work, we will focus on enhancing the paral-
lelism of proposed modules and testing our method on other
compression tasks, such as image and video compression.

11786



References
[1] 8i Labs. 8i voxelized full bodies version 2 – a voxelized

point cloud dataset. ISO/IEC JTC1/SC29 Joint WG11/WG1
(MPEG/JPEG) input document, 2017. 1, 6
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