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Abstract— A conditional lossless point cloud attribute compres-
sion method, dubbed ConPCAC, is proposed. The previous work
typically codes point attributes in a point cloud in an autore-
gressive way, incurring unbearable coding time. By contrast,
ConPCAC proposes a group-wise conditional entropy model for
fast coding while preserving coding performance. Specifically,
ConPCAC adopts a “Group Decomposition - Attribute Initializa-
tion - Latent Distribution Prediction” framework. First, it flexibly
decomposes the original point cloud into multiple groups accord-
ing to the geometry coordinate distribution. Then, the first group
is coded using a base coder, e.g., the standardized G-PCC, and
the following groups are progressively coded using a neural coder
conditioned on their preceding groups. Two key units, Attribute
Initialization (Init) and Latent Distribution Prediction (LDP), are
devised in the neural coder. The Init unit employs the nearest
neighbor to initialize the attributes of a group, and the LDP
unit further predicts the attribute probability distribution for the
group. In this way, ConPCAC enables full correlation exploration
across groups and parallel processing among points in a group.
Finally, the predicted probabilities are fed into the arithmetic
engine to code the true attribute values of each group. Exten-
sive experiments demonstrate the performance of ConPCAC.
It achieves 14.59%, 10.32%, and 12.26% improvements over
the latest G-PCC on the widely used 8iVFB, Owlii, and MVUB
datasets, respectively, significantly outperforming state-of-the-art
lossless PCAC methods. Moreover, its computational complexity
is comparable to G-PCC and much lower than existing learning-
based methods. Associated code and models will be released on
the website https://github.com/3dpcc/ConPCAC.

Index Terms— Point cloud, attribute compression, lossless cod-
ing, probability prediction.

I. INTRODUCTION

WITH the rapid evolution of metaverse, virtual/
augmented reality (VR/AR), autonomous driving, efc.,
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the 3D point cloud has become an increasingly prevalent rep-
resentation format to vividly render 3D objects and scenes [1],
[21, [3], [4], [5], [6], [7], [8]. A 3D point cloud is typically
formed by a large number of unordered points, each of which
can be characterized by its geometry coordinate (x,y,z)
and associated attributes such as RGB color (r, g, b), normal
vectors, and/or reflectance. Caching or delivering such a point
cloud is resource-intensive. For instance, for a point cloud with
10-bit geometry coordinate and 8-bit RGB color, 54 bits are
needed to represent a single point. Consequently, archiving
a 1-minute-long 30 Hz point cloud video that contains an
average of one million points per frame requires 11 gigabytes
of storage, which largely impedes its practical use.

Then, point cloud compression (PCC) techniques have been
extensively investigated to tackle the aforementioned issue.
Existing PCC studies mostly focus on geometry compres-
sion [9], [10], [11], [12], [13], [14], [15], [16], [17], [18],
[19], [20], [21], [22], [23], [24], [25], [26], [27], [28], [29].
However, the attribute information is also indispensable in var-
ious applications. For example, vibrantly representing objects
in VR/AR for stunning visual perception heavily relies on the
color attribute. Thus, this study focuses on lossless point cloud
attribute compression (PCAC), targeting the perfect restoration
of original attributes. Without loss of generality, losslessly
compressed geometry coordinates are assumed for attribute
compression [30], [31], [32].

A. Background

Prevalent rules-based solutions for lossless PCAC include
G-PCC (geometry-based PCC) [34] and V-PCC (video-based
PCC) [35]. G-PCC provides two options: RAHT (Region-
Adaptive Hierarchical Transform) [36] and Predlift Trans-
form [37] (interpolation-based hierarchical nearest-neighbor
prediction with an update/lifting step). Presently, Predlift
Transform offers higher performance. As for V-PCC,
it projects 3D point clouds into 2D sequences and uses mature
video codecs such as H.265/HEVC [38] or H.266/VVC [39]
for compression. Overall, both G-PCC and V-PCC follow
handcrafted rules to exploit inter-point' correlations for com-
pact representation of point clouds, which is difficult to adapt

IThe term “point” in this work indicates a positively occupied voxel.
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Fig. 1. Compression performance vs. runtime of G-PCC, V-PCC,

CNeT [32], MNeT [33], CrossPCAC [31], and our proposed ConPCAC.
G-PCC TMCI13-v23 (Predlift) serves as the anchor. ConPCAC offers a
balanced trade-off between compression performance and computational com-
plexity. All methods are trained using a similar dataset. Results in this figure
are tested on four point clouds loot, redandblack, queen, and thaidancer,
except that the result of MNet is from the former two samples only. This is
because MNet is not open-source, we thus copy relevant data from its paper
for reference. The top left corner indicates the best result.

to various scenes and content, limiting their compression
efficiency.

To this end, learning-based PCAC methods [40], [41], [42],
[43], [44], [45], [46], [47], [48], [49] are developed. Among
them, CrossPCAC [31], CNeT [32], and MNeT [33] are
three typical solutions for lossless PCAC. Specifically, CNeT
adopts an autoregressive model to process points in a point
cloud sequentially. When processing the current point p., all
preceding points are used as priors to predict the probability of
pc’s attribute. Such an autoregression manner offers high com-
pression performance at the expense of unbearable decoding
time, as shown in Fig. 1, which is impractical for real-world
applications. Its refinement, MNeT, reduces the decoding
runtime, but the performance is severely deteriorated. Later,
CrossPCAC replaces the autoregressive probability prediction
with a multiscale and multistage structure. It downscales a
point cloud into multiple scales and processes it scale by scale.
At each scale, eight stages are devised. To remove redundancy
across scales and stages, CrossPCAC introduces a series of
processing rules, such as initializing the higher scale from
the lower one, coding decimal residuals, and handling the
last element in a stage. As seen, CrossPCAC requires the
sequential decoding of scales and stages, resulting in a long
processing time.

B. Approach & Contribution

Essentially, the lossless PCAC aims to drive the compres-
sion bitrate of a given point cloud as close to its entropy
as possible. Following the chain rule of conditional entropy
modeling, we can formulate the entropy modeling of each
point or grouped points of the input as:

H(P)=H(G',G* G .., Gh
=xL HG'G!, G?, -, G, (1)
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where H (-) represents the entropy. P indicates the input point
cloud attribute and G, i € [1, L] denotes the attribute vector
for a specific group of points. Theoretically, entropy modeling
gets more accurate when more relevant and preceding groups
of elements are used for the probability approximation.

As such, instead of scale-wise processing, we propose to
spatially decompose a point cloud into multiple groups in the
full resolution and utilize conditional coding to conduct group-
wise compression, referred to as ConPCAC. For the very first
group, ConPCAC can directly employ an off-the-shelf coder,
such as G-PCC (Predlift), providing a baseline representation
of the object (see Group 1 in Fig. 2). For the remaining groups,
a neural coder is devised for progressive compression. In this
way, the following groups can fully leverage information from
prior groups through conditional coding.

Concerning the neural coder, ConPCAC adopts a simple yet
efficient structure, including two key units: Attribute Initializa-
tion and Latent Distribution Prediction. The Attribute Initial-
ization unit utilizes prior groups to initialize attribute values
for the current group. Then, the Latent Distribution Prediction
unit predicts the probability of each point’s attribute according
to the initialized current group and preceding groups.

As a result, ConPCAC performs group-wise processing
with parallel computation within each group, completely
avoiding the point-level autoregression used in CNeT. Fur-
thermore, its neural coder fully exploits spatial correlations
across groups in the native spatial resolution, enabling more
accurate attribute prediction compared to CrossPCAC which
predicts attribute values of the next scale from a lower scale.
Meanwhile, CrossPCAC depends more on handcrafted rules
to exploit scale and stage correlation, whereas ConPCAC
primarily utilizes the adaptive capacity of neural models.
These features together drive ConPCAC’s improved efficiency
over CrossPCAC. Experiments reveal that ConPCAC attains
superior performance across various attribute types, such as
color in dense point clouds and reflectance in LiDAR point
clouds.

The main contributions of this paper are summarized below:

« We propose a lossless PCAC solution, called ConPCAC,
which spatially decomposes a point cloud into multiple
groups, e.g., eight in this work, for conditional entropy
coding. The first group is coded using a base coder, e.g.,
the standardized G-PCC, and the remaining groups are
sequentially coded using a neural coder with its context
model conditioned on the preceding groups.

o To fully leverage prior knowledge from previous groups,
the neural coder incorporates two units: the Attribute
Initialization unit initializes point attributes in the current
group, and the Latent Distribution Prediction unit predicts
attribute probabilities for all points in the group.

« Extensive experiments demonstrate the performance
of ConPCAC, showing 14.59%, 10.32%, and 12.26%
gains over G-PCC in 8iVFB, Owlii, and MVUB
datasets, respectively. Meanwhile, using sparse con-
volutions and local computations (e.g., kKNN) makes
ConPCAC lightweight.

Authorized licensed use limited to: Hangzhou Normal University. Downloaded on July 22,2025 at 02:21:34 UTC from IEEE Xplore. Restrictions apply.
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Fig. 2. Visualization of soldier (top) and redandblack (bottom) coded by the proposed ConPCAC. A point cloud is spatially decomposed into multiple groups
and then coded progressively: each group is coded using a neural coder conditioned on its prior groups, except the first group is coded using a base coder.
Flexible decomposition is allowed to meet the application requirement (e.g., complexity-performance trade-off). The top line shows uniform grouping while
the bottom line shows non-uniform grouping. The numbers in the squares indicate the group numbers. Blue squares represent groups that have already been

coded, while yellow squares denote the group currently being processed.

II. RELATED WORK

This section briefly reviews recent works related to point
cloud attribute compression.

A. Rules-Based Lossless PCAC

PCAC has attracted significant attention in recent years.
The core idea of PCAC is to transform the input attribute
into a latent space, generating a sparse representation [40],
[50] for rate-distortion (R-D) optimization. Commonly-used
transforms include Graph Fourier Transform [51], [52], [53],
[54], RAHT [36], etc.

In lossless PCAC, the goal is to minimize the rate cost
without introducing any distortion. Typical examples are the
Predlift- and RAHT-based lossless PCAC methods in G-PCC.
Since the Predlift mode yields higher compression perfor-
mance than the RAHT mode, we next focus on detailing
the Predlift method. First, a Level-of-Detail (LoD) struc-
ture is constructed based on the geometry distance between
points, by which the entire point cloud can be partitioned
into different levels. Next, each level applies the sequential
encoding: the point attributes to be encoded are predicted using
the nearest-neighbor interpolation based on the previously
decoded points, and then the residuals between the original
and the predicted attribute values are calculated and encoded.
This process continues until all levels are traversed.

The Predlift mode of G-PCC is essentially a kind of condi-
tional coding, but its efficiency still has room for improvement.
For example, the level partition overlooks inter-point correla-
tions, and transmitting residuals is somewhat costly.

B. Learning-Based Lossless PCAC

In the past few years, learning-based PCAC methods have
been developed with great success. Lossy approaches such

as Deep-PCAC [43], SparsePCAC [46], ScalablePCAC [47],
and DeepPCC [55] utilize stacked deep neural networks to
transform the input attribute into latent features, followed by
quantization to achieve compact representations.

In contrast, lossless PCAC aims to preserve the original
attribute while minimizing its bitrate. The core is to approx-
imate the distribution of the original attribute as closely as
possible. To address this, CNeT [32] developed an autore-
gressive model for point-by-point PCAC. As such, all (causal)
priors are utilized to predict the attribute value of the current
point. Although the compression performance is substan-
tially improved, its decoding complexity is unacceptable. For
instance, CNeT requires 615 seconds to decode a point cloud
frame. Its successor MNeT [33] greatly reduced the decoding
time through multiscale processing, but its coding performance
dropped sharply, even falling below that of G-PCC (see MNeT
in Fig. 1). This may be due to the inefficient context modeling.

Recently, CrossPCAC [31], which used cross-scale, cross-
group, and cross-color prediction, was proposed. It downscaled
a point cloud into multiple scales for scale-wise process-
ing. The higher scale attributes were used to initialize the
lower scale counterparts. Then, within each scale, CrossPCAC
designed eight stages to process grouped points one by one.
Every time a point was coded, it updated the predicted values
for the rest points. Such multiscale and multistage processing
eliminates the point-level autoregression used in CNeT, signifi-
cantly reducing the complexity. However, its performance gain
is compromised due to the insufficient neighbor exploration
from the downscaled (lower-scale) tensor.

1) Remarks: In summary, while learning-based lossless
PCAC methods demonstrate superiority over traditional meth-
ods, their high complexity poses challenges for real-world
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Fig. 3. ConPCAC decomposes the original point cloud attribute into eight sub-descriptions based on the geometry coordinate and flexibly assembles a set of

sub-descriptions as a group for group-wise coding. Voxels having the same number belong to the same group. The first group is coded using a base coder, such
as standardized G-PCC. Conditioned on the prior groups, the Attribute Initialization (Init) unit is first used to initialize the point attribute values in the current
group. Then, the Latent Distribution Prediction (LDP) unit is applied to predict the attribute probability distribution for lossless compression. G'=(C', F"
denotes the i-th group with the geometry coordinate C' and the attribute information F!. G=' = {G;g’ o G'} is fed into LDP, where G;ef . indicates the

previously coded groups and Gl = (C!, F) represents the i-th group’s coordinate C' with initialized attribute F. L(j1,6) is Laplace distribution obtained

by LDP. AE and AD represent arithmetic encoding and arithmetic decoding, respectively.

applications. Therefore, a high-efficiency and low-complexity
solution is desired.

III. CoNDITIONAL PCAC

Figure 3 illustrates the processing pipeline of ConPCAC.
Without loss of generality, the point cloud geometry coor-
dinates are losslessly compressed as prior knowledge when
compressing the attribute component. Given a point cloud
represented using a sparse tensor S = (C, F) where C =
(Xns Yn»zn),n € [0, N — 1] is the collection of geometry
coordinates, we transform the color attribute F from RGB
space to YCoCg [56] space for compression, following the
method used in [31] and [32]. Therefore, the color attribute
tenor can be represented as F = (Y, Cop,, Cg,) with n
denoting the index of n-th point or voxel.

Next, we detail how ConPCAC processes the point cloud
attribute F' group by group.

A. Spatial Decomposition

First, we decompose the original point cloud into multi-
ple descriptions, for which we directly utilize the geometry
coordinate:

GPI, = CHhM = (Xu, Yn, 22)%M,n € [0,N —1].  (2)

Here, GPI denotes the geometry positional index. M is a
constant value used for the modulo operation. For example,
setting M = 2 produces 23 = 8 descriptions, and setting M =
3 produces 33 = 27 descriptions. This work exemplifies M =
2 to align with the octree voxelization principle, where one
voxel is subdivided into eight sub-voxels.

For a given geometry coordinate (x, y, z), it is represented
using a 3-bit GPI from (0, 0,0) to (1, 1, 1). Points having
the same G P belong to the same description. We thus have
eight descriptions for subsequent group-wise compression.

These eight descriptions can be further combined as groups,
as illustrated in Fig. 3.

In this way, this work can divide a point cloud into a
maximum of eight groups and a minimum of two groups,
denoted as G' = (Ci, Fi),i € [1, L], with i being the group
index and L being the number of groups. Note that the descrip-
tion grouping method can be flexibly user-defined according
to the requirement of the underlying task or complexity-
performance tradeoff. Points belonging to the same group are
processed in parallel, and cross-group correlation is leveraged
in compression.

As such, ConPCAC decomposes the point cloud attribute
into a set of groups for sequential compression. We then com-
press the first group called G'=! using a base coder, producing
the base representation G;]le The remaining groups, dubbed
G'>!1, are losslessly compressed using a neural coder from one
group to another. Previously-processed groups, e.g., G/, j < i,
are priors for conditional context modeling.

B. Base Coder

In our implementation, we offer two options for the base
coder to process the first group: one is the lossless configura-
tion of the standardized G-PCC compressor and the other is
an end-to-end (E2E) coder.

Directly using G-PCC as the base coder offers a straight-
forward approach, which is compatible with scenarios already
equipped with G-PCC codecs. The low complexity of G-PCC
is also friendly to users.

Instead, using the end-to-end coder in the first group G'=!
leads the entire ConPCAC solution to a purely learning-based
approach, which can be deployed on artificial intelligence plat-
forms. However, directly compressing the attributes of the first
group without any prior results in poor coding performance.

2In lossless mode Gi;cl = Gi=l,
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modeling of higher scales. DS denotes average pooling-based downscaling,
UP indicates upscaling using MinkowskiPoolingTranspose, and LDP is the
Latent Distribution Prediction unit used in our neural coder.
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Fig. 5. Attribute initialization process for the current group G': (a) the
Attribute Initialization unit, (b) the Interpolation unit.

To address this, a prior needs to be generated following the
conditional coding principle. Thus, the multiscale scheme is
leveraged. As illustrated in Fig. 4, the first group is downscaled
(through the DS module in Fig. 4) to m scales, with the
lowest scale Sp having n < 16 points. Next, the attributes
of scale Sp are directly coded by arithmetic coding. Then, the
subsequent scale S is coded using Sy as the prior. Specifically,
So is upscaled (through the UP module in Fig. 4) to initialize
S1, and the LDP unit (which is detailed in the next subsection)
is applied to predict the mean and variance for the attributes in
S1. Other scales are coded similarly. As such, the first group
is coded in an end-to-end manner.

C. Neural Coder

After compressing the first group using the base coder,
we apply the neural coder to encode the following groups. The
neural coder consists of two major units: Attribute Initializa-
tion (Init) and Latent Distribution Prediction (LDP). As for
the arithmetic coding engine, we refer to the implementation
in [57]. Next, we detail the proposed Init and LDP units.

1) Attribute Initialization: Using decoded priors, the Init
unit first assigns an initial value to each point in the current
group. As presented in Fig. 5(a), we define the current group to
be encoded as G' = (C', F'), where the geometry coordinate
C' is known. For the decoded groups G</, we are able
to retrieve their decoded coordinates and attributes Gjeic =
(Cjoe» Fyo) as well. Then, the Init unit uses C' and G,
together to predict the attribute value F' of the current group.

More specifically, as depicted in Fig. 5(b), an interpolation
operation is applied in the Init unit for prediction. For each
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Fig. 6. Modular component. (a) kNN Transformer used in LDP to construct
an adaptive local neighborhood by searching for k nearest neighbors of each
point. (b) kNN Self-attention for local information aggregation. An attention
map is generated for every k points upon the kANN neighborhood. (c) IRN
that stacks sparse convolutions (SConv) for processing. N and d represent
the number of points and the number of output feature maps, respectively.
We set k = 8 and d = 128 in this work.

point in G', we first identify its T nearest points in previously
decoded groups, using C' and Gd<eic. Then, we collect the
attribute values of these T points and calculate their average
value as the predicted attribute, finally forming F' of the
current group. 7 is set to 1 according to extensive experiments
(more details can refer to the ablation study in Section IV).
As such, we initialize the current group as G' = (C!, F),
which is then concatenated with the previously decoded groups
as G/ for latent distribution prediction.

2) Latent Distribution Prediction: The LDP unit pre-
dicts the attribute probability for all points in the current
group. Given GS' from the Init unit, LDP cascades
sparse convolutions (SConvs), kNN-based Transformer, and
Inception-Residual Network (IRN) layers to effectively exploit
neighborhood correlations for feature embedding (Fig. 3). The
network structures of kNN Transformer and IRN are illustrated
in Fig. 6.

At the end of LDP, two SConv layers and a ReLU layer are
applied to approximate the mean ,[L; and variance &,i values
of the attribute for point F,’;, with which the probability of
each group can be computed by integrating the Laplacian
distribution L:

i AloAd 11 i
prob(F') = H (c (i, 61) xt (—5, 5)) (F), ©)
with 2!, 6! = LDP(GYY), 4)

where U (—%, %) is the uniform distribution between —% and

% and n is the number of points in group i.

3) Cross-Component  Prediction: ~ Three components,
including Y, Co, and Cg, will be encoded for the color
attribute. Previous sections detail the processing stages for
the Y component. Next, we extend ConPCAC for Co and
Cg processing. It has been discovered that Y, Co, and
Cg components are deeply correlated [58], inspiring us

Authorized licensed use limited to: Hangzhou Normal University. Downloaded on July 22,2025 at 02:21:34 UTC from IEEE Xplore. Restrictions apply.
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Fig. 7. Cross-component prediction using target sparse convolution (Target

SConv). (a) Coding Co using Y. (b) Coding Cg using both Y and Co.

to leverage cross-component correlations for performance
improvement.

Specifically, we compress Y, Co, and Cg components
sequentially. In this way, the entire Y component is available
when compressing the Co component. We apply a target
SConv layer (with a kernel size of 3) to leverage Y to estimate
the Co component (see Fig. 7(a)). As such, we successfully
embed the Y characteristics into Co features as guidance. Next,
the output from target SConv is connected with Co features
I:“Cgol from the Init units and sent to LDP for prediction. It is
a similar scenario with the Cg component except that Cg uses
both Y and Co as input (see Fig. 7(b)).

4) Remarks: The “Group Decomposition - Attribute Initial-
ization - Latent Distribution Prediction” process in ConPCAC
is straightforward yet effective for lossless PCAC. Its
group-wise mechanism fully leverages inherent correlations
across attribute groups in its native resolution for highly effi-
cient conditional coding. Extensive experiments demonstrate
that our ConPCAC outperforms state-of-the-art G-PCC com-
pressors and most neural coders (except CNet, which employs
an ultra-expensive autoregressive mechanism). The coding
algorithm of ConPCAC is presented in our supplementary
material.

IV. EXPERIMENTS AND ANALYSIS
A. Training and Testing Conditions

1) Datasets: We conduct experiments on point cloud
datasets recommended by the international standardization
committee MPEG [66] to evaluate the performance of Con-
PCAC. These datasets cover a variety of objects and scenes,
which can fully examine the compression capability of a
PCAC method. Below, we briefly introduce these datasets.
Visualizations of the associated point clouds are included in
the supplementary material, and detailed information about the
testing samples is presented in Table 1.

« RWTT [67] dataset. The Real World Textured Things
(RWTT) dataset, a collection of publicly available tex-
tured 3D models, is used for training. We select 548 3D
models from RWTT and quantize them to point clouds
with 10-bit geometry precision. Due to the limitation
of GPU memory, we apply the K-D tree® to partition
these 3D point clouds into 3D blocks, each of which
has 100,000 points. As a result, 10,334 training samples
are generated. The corresponding testing datasets include
8iVFB [59], Owlii [62], and MVUB [63].

o Mixed dataset of 8iVFB [59], Owlii [62], and
MVUB [63]. To compare with existing works, we follow

3 https://en.wikipedia.org/wiki/K-d_tree
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TABLE I

DETAILED INFORMATION OF TESTING DATASETS IN THIS WORK

Class Point Cloud Number of Points
longdress 765,821
8iVFB [59] loot 805,285
(10-bit) redandblack 729,133
soldier 1,059,810
(é?(}-l[)i t)] queen 1,000,993
8“;%_&5 I thaidancer 2,942,011
basketball_player 2,925,514
Owlii [62] dancer 2,592,758
(11-bit) exercise 2,391,718
model 2,458,429
andrew 1,276,312
david 1,492,780
Mz’lgiig) ] phil 1,660,959
ricardo 960,703
sarah 1,355,867
ScanNet [64] ScanNet
(q2cm) | from #0707 to #0806 126,761
Ford [65] Ford_02 83,834
(qlmm) Ford_03 84,062

the settings in [31] and [32] to build the training and
testing datasets. The point clouds longdress and soldier
from 8iVFB, model and exercises from Owlii, andrew,
david, and sarah from MVUB, are partitioned into
100,000 points per patch for training. The point clouds
loot and redandblack from 8iVFB, basketball_player and
dancer from Owlii, and phil and ricardo from MVUB are
used for testing. Other samples widely used in MPEG,
including queen from CGI [60] and thaidancer from
8iVSLF [61], are also used as testing samples.

o ScanNet [64]. This dataset has 1,603 indoor point
cloud scans, with 1,503 scans allocated for training and
100 scans reserved for testing.

o Ford [65]. Ford is the designated LiDAR dataset in
MPEG, comprising three sequences, each with 1,500
frames. Following the MPEG AI-PCC common test
condition (CTC) [66], [68], we use the first sequence
for training and the other two for testing. Ford has no
color but only 8-bit reflectance attribute information for
compression.

2) Training Settings: We implement ConPCAC using
PyTorch and MinkowskiEngine [69] and run it on a computer
with an Intel® i9-12900K CPU, 32 GB memory, and Nvidia
3090Ti RTX GPU. We optimize the network model using
Adam with parameters B; and B, set to 0.9 and 0.999,
respectively. The learning rate decays by half every two epochs
and starts from le-4 to 1e-5. The model is randomly initialized
and trained on the dataset for up to 50 epochs. Convergence
takes approximately 50 to 60 hours on our platform.

3) Testing Setting: The testing conditions strictly conform
to the MPEG AI-PCC CTC. Quantitative analysis is measured
in bits per point (bpp) and compression ratio gain. The
latest G-PCC version TMC13v23,* which provides state-of-
the-art performance of lossless PCAC through Predlift attribute
transform, is compared. For a fair comparison, we disable the

4https://github‘com/MPEGGroup/mpeg—pcc—tmc1 3
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TABLE I
QUANTITATIVE COMPRESSION GAINS AGAINST EXISTING METHODS USING THE RWTT TRAINING DATASET
bits per point (bpp) Compression Gain
Class Point Cloud G-PCC V-PCC CrossPCAC Proposed ConPCAC vs. Vs. vs.
(Predlifty  (VTM) > Group I  Group 2-8  Overall G-PCC V-PCC CrossPCAC
longdress 11.55 14.46 10.19 1.92 8.01 9.93 -14.04%  -31.33% -2.56%
SiVFB loot 6.06 8.22 5.52 1.03 4.18 522 -13.93%  -36.51% -5.53%
(10-bit) redandblack 9.20 11.90 8.19 1.58 6.43 8.01 -1297%  -32.66% -2.24%
soldier 6.93 9.36 597 1.19 453 5.72 -17.40%  -38.85% -4.04%
Average 8.44 10.98 7.47 - - 7.22 -14.59%  -34.84% -3.59%
basketball 7.67 8.71 7.26 1.19 5.68 6.86 -10.55%  -21.15% -5.42%
Owlii dancer 7.74 8.78 7.27 1.20 5.74 6.94 -10.42%  -21.00% -4.58%
(11-bit) excercise 8.58 9.64 8.18 1.27 6.57 7.84 -8.58% -18.64% -4.06%
model 7.64 8.63 6.99 1.21 5.54 6.74 -11.75%  -30.06% -3.52%
Average 7.91 8.94 7.42 - - 7.10 -10.32%  -20.66% -4.40%
andrew 11.03 13.50 10.11 1.67 8.44 10.11 -8.34% -25.10% -0.02%
david 7.25 9.05 6.47 1.16 5.17 6.33 -12.70%  -30.10% -2.16%
MVUB phil 10.24 12.54 9.16 1.58 7.54 9.12 -1095%  -27.29% -0.40%
(10-bit) ricardo 5.88 7.11 5.24 0.95 3.98 493 -16.06%  -30.64% -5.94%
sarah 4.67 5.71 422 0.76 3.29 4.05 -13.23%  -29.13% -4.00%
Average 7.81 9.58 7.04 - - 6.91 -12.26%  -28.45% -2.51%
TABLE III
QUANTITATIVE COMPRESSION GAINS AGAINST EXISTING METHODS USING THE MIXED TRAINING DATASET
bits per point (bpp) Compression Gain
Class | Point Cloud | G-PCC  V-PCC . Proposed ConPCAC Vs, Vs. Vs, VS, VS,
(Prediify (vim) CNeT MNeT CrossPCAC| 5 0 1 Group 2-8 Overall| G-PCC V-PCC CNeT ~ MNeT  CrossPCAC
SiVFB loot 6.06 822 465 838 5.18 1.03 4.10 513 [-1536% -3757% 9.36% -38.78%  -0.96%
(10-bit) redandblack | 9.20 1190 721 1223 8.07 1.58 6.45 8.03 |-12.80% -32.53% 10.17% -34.37%  -0.55%
Average 7.63 10.06 593 10.31 6.63 - - 6.58 |-14.08% -35.05% 9.76% -36.58%  -0.75%
Owlii basketball 7.67 8.71 - - 6.78 1.19 5.22 6.41 |-1652% -26.42% - - -5.52%
(11-bit) dancer 7.74 8.78 - - 6.80 1.20 5.29 6.49 |-16.18% -26.07% - - -4.54%
Average 7.71 8.74 - - 6.79 - - 6.45 |-16.35% -26.24% - - -5.03%
MVUB phil 10.24 12.54 447 1049 6.78 1.58 4.68 626 |-3891% -50.12% 28.54% -4037%  -7.73%
(10-bit) ricardo 5.88 7.11 261 731 3.59 0.95 2.62 3.57 |-3920% -49.76% 26.94% -51.13%  -0.50%
Average 8.06 9.83 354 890 5.19 - - 491 |-39.06% -49.94% 27.74% -45.75% -4.12%
queen 7.66 876 796 - 7.43 1.23 6.01 724 | -548% -1733% -9.07% - -2.61%
Other | thaidancer 7.65 9.02  7.02 - 6.82 1.36 5.22 6.57 |-14.01% -27.14% -6.32% - -3.61%
Average 7.65 889 749 - 7.13 - - 691 | -9.74% -22.24% -7.69% - -3.11%

TResults of MNet are directly copied from its paper as the open-source checkpoint has expired.

angular coding mode of G-PCC when compressing LiDAR
point clouds, based on the assumption that no prior knowledge
from the point cloud acquisition stage is utilized. We also
compare with V-PCC version TMC2v22.1,%> which uses VTM
version 13.0° as the lossless attribute coder. Additionally,
we compare with existing learning-based methods, including
CNeT [32], MNeT [33], and CrossPCAC [31]. We try our best
to follow their training datasets to retrain ConPCAC for fair
comparisons.

Extensive experiments show that using G-PCC or the
end-to-end coder as the base coder leads to comparable
performance (referring to the ablation study in Section IV).
In the next, we exemplify our ConPCAC using eight groups
(L = 8) with G-PCC as the base coder.

4) Loss Function: The neural coder is trained to minimize
all groups’ total bitrate except the first group using G-PCC.
To this end, we set the loss function as:

L
Loss = Z —log, (prOb (F’)) ,

1

®)

where F' is the attribute of each group and prob(-) represents
the corresponding probability.

5 https://github.com/MPEGGroup/mpeg-pcc-tmc2
6https://vcgit‘hhi.fraunhofer.de/jvet/VVCSoftware_VTM

B. Performance Evaluation

Table II presents the overall bitrate and the compression
ratio gain of ConPCAC against G-PCC, V-PCC, and CrossP-
CAC. Both ConPCAC and CrossPCAC are trained using the
RWTT training set. We list the specific bpp for group one and
groups two to eight in ConPCAC for observation. As seen,
ConPCAC uniformly outperforms G-PCC in three testing
datasets, gaining 14.59%, 10.32%, and 12.26%. Compared to
CrossPCAC, ConPCAC also has 3.59%, 4.40%, and 2.51%
gains on 8iVFB, Owlii, and MVUB datasets, respectively.
As our ConPCAC progressively encodes from the first group
to the last one, the bpp consumption of each group is gradually
decreased, as depicted in Fig. 8. These findings validate the
effectiveness of our conditional coding: as the prior knowledge
increases, ConPCAC can effectively leverage priors across
groups for efficient compression.

1) Compare With CrossPCAC: Although CrossPCAC also
adopts a group-wise solution, it is substantially different from
our ConPCAC. Built on a multiscale framework, CrossPCAC
performs PCAC from the lowest scale to the highest scale, with
each scale producing an individual bitstream. The decoded
lower scale is used to initialize the higher scale. Within each
scale, CrossPCAC applies stage-wise processing to exploit
stage correlations: after coding points in a stage, a rules-based
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Fig. 8. Bitrate consumption of each group in ConPCAC. Eight groups are

exemplified.

updating stage is executed to update all values of the remaining
stages. Overall, CrossPCAC follows a “initialization - updat-
ing” paradigm, in which the initialization of a scale relies
solely on its lower scale, compromising the accuracy; the
rules-based updating stage yields gains but is time-consuming
due to its cascading process. As a result, a long decoding time
is required.

By contrast, our proposed ConPCAC exploits group cor-
relations in the native resolution, which better utilizes priors
than the multiscale CrossPCAC. Moreover, ConPCAC merely
involves the initialization stage (using decoded groups), which
significantly saves decoding time. Experimental results in
Fig. 1 sufficiently prove that our ConPCAC not only achieves
higher coding gains but also less computational complexity
than CrossPCAC.

2) Compare With CNet and MNet: We further compare
ConPCAC with other state-of-the-art learning-based methods
like CNeT and MNeT using a similar mixed training dataset
as theirs, as shown in Table III. It is worth pointing out that
the open-source website of CNet’ only provides the encoding
source code, without checkpoint and decoding source code.
We fix and retrain its network to obtain models for comparison.

As seen, ConPCAC achieves an average of 36.58% and
45.75% gain over MNeT in 8iVFB and Owlii, respectively.
In comparison to CNeT, ConPCAC attains 9.76% and 27.74%
loss. Note that CNeT improves performance by employ-
ing an autoregressive coding mechanism, which requires
a much larger model size (>1GB for each color compo-
nent, 28x of ours) and intolerable coding time (33x of
ours). Fig. 1 comprehensively illustrates the compression gain
and computational complexity across various methods. Our
method achieves the optimal trade-off: it exhibits compression
performance secondary to the autoregressive model while
maintaining complexity comparable to the rules-based G-PCC.

Considering that CNet uses quite large models, we suspect
that overfitting may occur. To this end, we test different meth-
ods trained on the same mixed dataset using two additional
point clouds (queen and thaidancer). These point clouds are
widely used in MPEG PCC for performance evaluation. They
have similar densities to our previous testing samples but are

7https://github.com/Weafre/CNeT
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TABLE IV

COMPRESSION PERFORMANCE OVER G-PCC ON SCANNET (Q2CM) AND
FORD (Q1MM) DATASETS

bits per point (bpp) Gain
Class G-PCC Proposed ConPCAC vs.
(Predlift) | Group 1  Group 2-8  Overall | G-PCC
ScanNet 13.12 1.82 10.40 12.22 -6.86%
Ford 5.32 2.72 241 5.12 -3.58%
TABLE V

RUNTIME (SECONDS/FRAME) AND MODEL SIZE COMPARISON WITH
STATE-OF-THE-ART METHODS

G-PCC V-PCC CNeT MNeT CrossPCAC C"(';i‘;igc ConPCAC
Enc. | 104 - 25 3 7.6 1.8 52
Dec. | 102 - 590 19.7 6.5 133
Total | 20.6 697.1 615 373 8.4 18.5
Model -
e 32GB 12MB 210MB  33MB 114 MB

TRuntime of CNet and MNet are directly copied from their papers.

excluded from the training dataset. As shown in Table III,
CNet loses its leading position and even performs worse than
the anchor G-PCC on gqueen. This may be due to CNet’s
overfitting to the specific dataset. In contrast, our method
achieves the best performance, surpassing CNet by 7.69% and
CrossPCAC by 3.11%. This demonstrates that our ConPCAC
is more generalizable and robust across different scenarios.

3) Compare on the Reflectance Attribute: In addition to the
color attribute, we also evaluate ConPCAC on the reflectance
attribute on ScanNet and Ford datasets. As V-PCC and
other learning-based methods don’t provide results on these
two datasets, we compare ConPCAC with G-PCC only.
As presented in Table IV, ConPCAC consistently outperforms
G-PCC, e.g., 6.86% on ScanNet and 3.58% on Ford. These
results also confirm the generalization of ConPCAC: it is
effective on various point cloud types (solid, sparse, and
LiDAR point clouds) and attributes (color and reflectance
attributes).

C. Complexity

Table V reports the computational complexity of compared
methods measured using runtime and model size. For a fair
comparison with existing works CNet and MNet, we test our
runtime complexity using the same point clouds as theirs,
including four 10-bit objective point clouds (loot and redand-
black from 8iVFB, phil and ricardo from MVUB). Notice
that the runtime comparison is only intended as an intuitive
reference to provide a glance at the computational complexity,
as G-PCC and V-PCC run on the CPU while the other methods
mainly run on the GPU. We can accelerate encoding by pro-
cessing multiple groups in parallel. Such parallel processing
is also used in CNet encoding but is challenging to implement
in CrossPCAC due to its successive multiscale mechanism.

As shown, the encoding time of ConPCAC is 5.2 seconds
per frame, and the decoding time is 13.3 seconds, which is in
the same order of magnitude as that of G-PCC. In comparison,
CNeT requires the longest decoding time (590 seconds) due to
the autoregressive mechanism, about 33x of ours. Due to the
multiscale coding and complex attribute updating mechanism,
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TABLE VI

RUNTIME (SECONDS/FRAME) COMPARISON WITH G-PCC ON SCANNET
AND FORD DATASETS

Class G-PCC ConPCAC
Enc. Dec. | Enc. Dec.
ScanNet | 1.27 0.86 | 159 1.74
Ford 1.04 170 | 0.84 132
TABLE VII
QUANTITATIVE PERFORMANCE OF CONPCAC (LIGHT)
bits per point (bpp) - .
Class ConPCAC (light)  ConPCAC Compression Gain
8iVFB 7.47 7.22 -3.36%
Owlii 7.42 7.10 -4.37%
MVUB 7.22 6.91 -4.31%
TABLE VIII

ABLATION ON THE CODING STRATEGY OF THE FIRST GROUP

First Group Compression Gain
Dataset | G-PCC Coder  E2E Coder Using Using
bpp time (s) bpp time (s) | G-PCC Coder E2E Coder
8iVFB | 143 227 137 927 -14.59% -15.11%
Owlii | 1.22 1056 1.21 16.77 -10.32% -10.43%
MVUB | 123 450 1.17 11.40 -12.26% -12.37%

the overall runtime of CrossPCAC is as long as 37.3 seconds,
which is 2x of ours. The average runtime of ConPCAC
on sparse point cloud datasets, including ScanNet and Ford,
is reported in Table VI. The runtime of ConPCAC on LiDAR
point clouds is also observed to be of the same order of
magnitude as that of G-PCC.

Table V also details the model size of various methods.
The model size here is the sum of Y, Co, and Cg models.
As observed, CNet requires as large as 3.2GB (in our repro-
duction), making it impractical for real-world use. CrossPCAC
needs about 210MB model size. Instead, the proposed Con-
PCAC, including Y, Co, and Cg models, only costs 114MB
model size, which is 3.5% of CNet and 57% of CrossPCAC.
Although MNeT only requires 12MB, its performance is
largely inferior to ours (see Table III).

D. Ablation Studies

Ablation studies are conducted to validate ConPCAC.

1) ConPCAC (light): A light ConPCAC is implemented
by reducing the number of feature maps in ConPCAC
from 128 to 64. Table VII shows that ConPCAC (light)
receives 3.36% to 4.37% loss compared to the full version.
However, its computational complexity is largely reduced, with
only 29% (33MB vs. 114MB) model size and 49% (6.5 s
vs. 13.3) decoding time (see Table V). Figure 1 presents that
ConPCAC (light) achieves comparable compression gains to
CrossPCAC with much less computational complexity. Over-
all, ConPCAC (light) is more friendly to resource-constrained
platforms. Practitioners can choose flexibly between the light
and full versions based on the specific requirements of their
applications.

2) End-to-End Coding: As shown in Fig. 4, we implement
an end-to-end coder in ConPCAC as an alternative to encode
the first group. Table VIII reveals a slight compression gain
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Fig. 9. Grouping strategy used to form different numbers of groups.
TABLE IX
ABLATION ON THE NUMBER OF GROUPS L
Class Compression Gain vs. G-PCC
L=2 L=3 L=4 L=5 L=6 L=7 L=8
8iVFB | -2.73% -5.33% -9.36% -9.48% -9.60% -10.19% -14.59%
Owlii | -0.64% -2.53% -3.80% -3.92% -5.06% -5.19% -10.32%
MVUB | -2.08% -2.09% -528% -5.66% -6.82% -1.07% -12.26%
TABLE X

ABLATION STUDY ON THE INTERPOLATION OPERATION BASED ON T
NEAREST NEIGHBORS

al bits per point (bpp) Compression Gain
BS | =1 T=2 T=3 | T=lvs.T=2 T=1vs.T=3
8iVFB | 7.22 738 742 -2.10% -2.73%
Owlii 7.10 7.23 7.25 -1.78% -2.08%
MVUB | 691 7.14 7.16 -3.25% -3.51%
TABLE XI
ABLATION STUDY ON THE kNN TRANSFORMER
Class bits per point (bpp) Compression Gain
ass w/o kNN Trans. w/ kNN Trans. | w/ vs. w/o kNN Trans.
8iVFB 7.53 7.22 -4.31%
Owlii 7.51 7.10 -5.79%
MVUB 7.29 6.91 -5.58%

(< 1%) but > 1.5x longer inference time in comparison to
the use of G-PCC. The longer time is owing to the scale-
by-scale processing. The negligible gain is mainly due to the
much sparser distribution of downscaled point clouds, upon
which G-PCC and the end-to-end coder perform comparably.

3) Multiple Groups: To investigate the influence of group
size on compression performance, we partition a point cloud
into multiple groups for separate compression, as illustrated
in Fig. 9. Results in Table IX show that the gains improve
as the number of groups increases. This phenomenon occurs
because using more groups leads to more available context
information during encoding, enhancing the entropy coding
performance. Consequently, employing more groups results in
a linear increase in runtime. In practical applications, we can
flexibly construct the group size to adapt to different time
complexity requirements.

4) Interpolation: The Interpolation operation is a crucial
component in the Attribute Initialization unit, providing initial
attribute values for subsequent groups. As the value of T
plays a pivotal role in this process, we conducted ablation
experiments to validate its impact. We separately set T = 1,
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Fig. 10. Bitrate consumption of each color component on different point
clouds.

TABLE XII
ABLATION STUDY ON THE CROSS-COMPONENT PREDICTION

bits per point (bpp) Compression Gain
Class
w/o Cross-comp. ~ w/ Cross-comp. | vs. w/o Cross-comp.
8iVFB 7.38 7.22 -2.21%
Owlii 7.37 7.10 -3.73%
MVUB 7.14 6.91 -3.29%

T = 2,and T = 3. Table X shows that T = 1 performs
the best. This demonstrates that the closest points can provide
better prior information. The mean of multiple-point attributes
might interfere with its prediction.

5) kNN Transformer: In ConPCAC, we set k = 8 for
the kNN Transformer in the LDP unit. We further conduct
an ablation experiment on LDP, shown in Table XI, where
the kNN Transformer is disabled to compare with the anchor
ConPCAC. It is observed that without kNN Transformer, the
compression results of ConPCAC increase from 7.22 bpp to
7.53 bpp on the 8iVFB dataset, introducing 4.31% loss. The
loss is even larger on the other two datasets: 5.79% on Owlii
and 5.58% on MVUB. This confirms the advantage of using
kNN Transformer in LDP.

6) Cross-Component Prediction: As aforementioned,
we use the cross-component prediction to process Co and Cg.
Fig. 10 illustrates the bitrate distribution of Y, Co, and Cg on
different point clouds when using this strategy. It is observed
that with the guidance of Y, the bitrate of Co is significantly
decreased. It is the same case with Cg. For comparison,
we disable the cross-component prediction by feeding only
Co or Cg to the neural coder. Results in Table XII show a
2.21% to 3.73% decrease in compression gain.

V. CONCLUSION

This paper proposed a lossless point cloud attribute com-
pression method, dubbed ConPCAC. ConPCAC offers a
simple yet efficient solution by fully utilizing group-wise con-
ditional entropy coding. It first decomposes the original point
cloud attribute into multiple groups by spatial decomposition.
Then, conditioned on their previously decoded counterparts,
the current and succeeding groups are progressively coded.
Specifically, the first group is compressed using a base coder
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such as the standard-compliant G-PCC coder, providing a
base representation of the input point cloud. The remain-
ing groups are compressed using a neural coder, where the
attribute initialization and latent distribution probability units
are devised to predict the attribute probability of each point in
a group. Experimental results confirm the high compression
performance of the proposed ConPCAC. Tested under the
common test condition defined in MPEG AI-PCC, ConPCAC
significantly surpasses rules-based G-PCC and most learning-
based methods. Additionally, its low complexity is friendly to
real-life applications.
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