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Enhancing Lossless Compression in AI-PCC via Distribution-Aware 
Feature Extraction

Dowan Kwona), Joon Kwona), Junsik Kimb), and Kyuheon Kima)‡

Abstract

The Moving Picture Experts Group (MPEG) is currently standardizing AI-based Point Cloud Compression (AI-PCC). Since 
AI-PCC reconstructs point clouds using geometric features extracted from the input, the quality of reconstruction improves as these 
extracted features become more precise. However, although point clouds exhibit variations in their geometric distributions, the 
current AI-PCC framework extracts features using identical cubic receptive fields. To address this limitation, this paper proposes a 
distribution-aware feature extraction method that uses an orthotropic rect-kernel extractor/aggregator for dense point clouds to 
capture linear and planar characteristics, and a sparse dilated convolution extractor for sparse point clouds to reflect point 
dispersion. The proposed method enhances lossless compression performance in AI-PCC by performing adaptive feature extraction 
to the structural heterogeneity of point clouds.  

Keyword : 3D Point Cloud, Geometry Coding, AI-PCC, Feature Extraction, Lossless Coding

Ⅰ. Introduction

Point clouds represent real-world objects or scenes as a 
set of points in a three-dimensional coordinate system, 
making them an emerging next-generation 3D content for-
mat capable of capturing highly precise spatial in-
formation[1][2][3][4]. Each point contains geometric in-
formation such as its position     or    along 
with attribute information such as color or reflectance. 
However, compared to the conventional 2D image content, 
point clouds require tens of times more data, making com-
pression technologies essential for efficient storage and 
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transmission.
Accordingly, the Moving Picture Experts Group (MPEG) 

Working Group 7 (3D Graphics and Haptics, 3DGH) has 
been standardizing point cloud compression technologies 
since 2017. Representative standards include Video-based 
Point Cloud Compression (V-PCC)[5][6] and Geometry- 
based Point Cloud Compression (G-PCC)[7]. These stand-
ards are primarily signal processing-based approaches and 
achieve a balance between compression efficiency and re-
construction quality by exploiting the structural and spatial 
correlations inherent in point clouds.

Recently, with the advancement of artificial intelligence
–based compression techniques, extensive research has 
been made to overcome the limitations of traditional sig-
nal processing–based compression method[8][9][10][11][12]. 
Accordingly, at the 148th MPEG meeting held in Novem- 
ber 2024, the standardization of AI-based Point Cloud 
Compression (AI-PCC) was officially launched under the 
AI-based 3D Graphics Coding (AI-GC) group[13][14][15].

AI-PCC performs decoding process based on geometric 
features extracted from the input point cloud, and thus, 
the precision and expressiveness of the extracted features 
play a crucial role in determining the overall coding per- 
formance. However, the current AI-PCC feature ex-
traction framework still applies convolution operations 
using uniform cubic receptive fields[16], without consider-
ing the variations in geometric distributions not only 
across different point cloud contents but also within a 
single point cloud. This unified design limits the net-
work’s ability to effectively capture the directional and 
anisotropic characteristics of 3D structures. To address 
this limitation, this paper proposes a distribution-based 
feature extraction method that consists of an orthotropic 
rect-kernel extractor/aggregator for dense point clouds to 
capture linear and planar features, and a sparse dilated 
extractor for sparse point clouds to represent dispersed 
structures. 

Ⅱ. Background 

Before describing the proposed technique, this section 
introduces the overall geometry compression methods of 
the current standard AI-PCC[17], TMAP (Test Model for 
AI-PCC)[18], to provide a better understanding of the pro-
posed approach. 

1. TMAP 

TMAP fundamentally utilizes a hierarchical coding 
structure, starting from the bit-depth of the input point 
cloud and progressively performing down-sampling, fol-
lowed by encoding at each down-sampled layer. The loss-
less compression method applied to each layer is referred 
to as Octree-based Coding, whereas the lossy compression 
method is known as Feature-based Coding, which is be-
yond the scope of this paper and is described in detail in 
[18].

When Octree-based Coding is applied to all layers, the 
entire input point cloud is encoded in a lossless manner. 
In contrast, lossy compression is achieved by applying 
Feature-based Coding from the input bit-depth down to a 
specific bit-depth, while Octree-based Coding is used for 
the remaining layers.

2. Overview of Octree-based Coding 

The Octree-based Coding method extracts features ac-
cording to the bit-depth of the input point cloud, estimates 
the probability of occupancy information based on these 
extracted features, and then performs entropy coding within 
a hierarchical structure. 

Figure 1 illustrates the Octree-based Coding structure of 
TMAP at an arbitrary bit-depth. The Down-sample, 
Up-sample, Feature Encoder, and Octree Encoder stages 
are performed in the encoder, while the Feature Decoder, 
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Octree Decoder, and Up-Sample stages are conducted in 
the decoder.

Starting with the encoding process, the 3D input coor-
dinates at bit-depth N ( ) pass through the Down-sam-
ple module, which spatially down-samples the point cloud 
to     while, in tandem, extracting representative fea-
tures     via sparse convolutions[19][20] aligned to 
   . Next, the Feature Encoder leverages the low-

er-bit-depth features    , aligned with    , to con-
dition a Hyperprior Synthesis Transform that estimates the 
distribution of the current features    . The estimated 
probability distribution is then used for entropy encoding 
of quantized current features    . Then, the re-

constructed features     are up-sampled to the reso-

lution of  , yielding   

 . The Octree Encoder uses 

  

  to predict occupancy probabilities for points in 
  and performs arithmetic encoding conditioned on 
these probabilities.

In the decoding process, the Feature Decoder decodes 

the entropy-coded features     using     through the 

same Hyperprior Synthesis Transform used in the encoder. 

The reconstructed features     are then input to the 

Up-sample process to yield   

 . Finally,   

  is fed 

into the Octree Decoder, which estimates occupancy proba-
bilities using the same network architecture as the encoder 
and reconstructs   via arithmetic decoding conditioned 

on the predicted probabilities.

Ⅲ. Proposed Method

In this section, we present the proposed feature ex-
traction/aggregation modules. These modules replace the 
Down-sample and Up-sample stage in Figure 1 by perform-
ing spatial down/up-sampling and generating representative 
feature tailored to the distributional characteristics of dense 
and sparse point clouds, respectively. To facilitate under-
standing of the proposed network diagrams, we first define 
the terminology and notation used in architecture. “Sconv.” 
denotes a network block that performs sparse convolution. 
The tuple “(a, b, c)” indicates the kernel size, and the follow-
ing scalar “d” denotes the dilation parameter. An optional 

Fig. 1. Structure of TMAP Octree-based coding
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arrow “↑” or “↓” defines up-sampling or down-sampling 
with stride 2, respectively. “Tanh” is shorthand for the hy-
perbolic tangent activation function. “Concat.” refers to con-
catenation; in this work, independently extracted features are 
appended rather than summed, allowing subsequent layers to 
learn how to fuse them.

For dense point clouds, where local point density is rela-
tively uniform and neighboring points often form planar or 
linear structures, we propose an orthotropic rect-kernel ex-
tractor and aggregator. These extractor and aggregator ap-
ply direction-wise rectangular kernels aligned with planar 
and linear orientations, aggregate the corresponding fea-
tures, and fuse them into a unified feature representation. 
The detailed architecture is illustrated in Figure 2.

In the first stage, each branch applies axis-aligned, elon-
gated kernels along the   or    axis to capture 
linear structures, as in Equation (1). 

   


       , 

   


       , 

   


        ... 

(1)

Here,   is the input sparse tensor constructed from 

 : its coordinates follow  , and its features are ini-

tialized to ones. In    


   ∙,    
 denotes 

axis-aligned rectangular kernels elongated along the sub-

scripted axis, with 
∈ ×  ×  , 

∈ ×  ×  , 

and 
∈ ×  ×  ;  is the dilation parameter and   

is the stride. The outputs  ,  , and   are the line-ori-

ented features extracted along the   or    axis 

for each    


  ∙, respectively.

In the second stage, plane-oriented kernels aligned with 
the  ,  , and   planes transform these into planar re-
sponses, as in Equation (2).

   


       , 

   


       , 

   


        ...

(2)

Here,    and   are plane-oriented responses 

for the      and   planes provided from each

(a)

(b)

Fig. 2. Structure of orthotropic rect-kernel (a) extractor and (b) aggregator
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   


   ∙, and    
 are rectangular ker-

nels spanning the indicated plane, with 
∈ ×  ×  , 


∈ ×  ×  , and 

∈ ×  ×  . 

Finally, the branch outputs are passed through activation 
function, concatenated in a channel-append manner, and 
fused by a     down-sampling convolution to produce 
   , as in Equation (3).

Here, ∙ denotes coordinate-wise con-

catenation, and  ∈ ×  ×   is a mixing kernel that 
blends the concatenated features   within a local 
××  neighborhood, producing a down-sampled, fused 
representation. 

The next module is the orthotropic rect-kernel aggregator 
as shown in Figure 2 (b), which replaces the Up-sample 

block in Figure 1. It takes     as input and outputs 

  

 . Similar to the orthotropic rect-kernel extractor, the 

flow is split into three branches, each with two convolu-
tional stages. Unlike the extractor, the order is reversed: 
the first stage uses plane-oriented rectangular kernels 
aligned with the  ,  , and   planes to aggregate pla-
nar features; the second stage applies axis-aligned elon-
gated kernels along the  ,  , and    axes to refine 
linear structures. Branch outputs pass through the activa-
tion function, are appended rather than summed, and are 
finally up-sampled via a stride 2 convolution to produce 
  

 .

Next, we introduce the proposed sparse dilated extractor 
for improving feature extraction on sparse point clouds, as 
illustrated in Figure 3. This module targets point cloud with 
highly non-uniform, irregular spatial distributions by em-
ploying dilated sparse convolutions whose kernels are spa-
tially dispersed. By enlarging the receptive field without in-
creasing the kernel mass, the extractor captures long-range, 
low-density structures and aggregates features over dis-
connected neighborhoods typical of sparse geometry. Note 
that we do not propose a new aggregator for sparse point 
cloud since Up-sample in Figure 1 is not used in the cur-
rent TMAP pipeline for sparse-point inference. Instead, a 
dedicated MLP-based feature aggregation stage is applied 
after feature extraction[21].

As shown in Figure 3, this module shares the same input
–output interface as Figure 2 (a), but the extractor design 
differs. The sparse dilated extractor captures irregular spar-
sity by probing multi-radius neighborhoods via dilation. 
Throughout this extractor, the convolutional layers use a 

fixed kernel  ∈ ×  ×   with dilation rates 
      for each branch, as in Equation (4).

   

      , 

   

      , 

   

       ...

(4)

Fig. 3. Structure of sparse dilated extractor

  tanh  tanh  tanh       
        ... (3)
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The features from each branch are concatenated 
(channel-append at identical coordinates) to form  , 

passed through hyper tangent activation function, and fused 
by a stride 2 convolution to produce    , as in Equation 

(5).

Ⅳ. Experimental Results

This section presents the performance evaluation and 
analysis of the proposed method. Before detailing the re-
sults, we briefly summarize the information used for model 
training and inference. 

1. Experimental Setup

1.1. Datasets
The experiments follow the Common Test Conditions 

(CTC)[22] defined by the MPEG AI-GC group, which speci-
fy four dataset categories: RWTT, Static, Dynamic, and 
LiDAR. Since we focus on static scenes, we exclude 
Dynamic and LiDAR categories, and use RWTT and Static 
categories for both training and testing. RWTT[23] consists 
of dense point clouds obtained by sampling textured 3D 
mesh models represented by vertices, edges, and textures, 
while Static[24] consists of sparse, voxelized point-cloud 
frames that represent surfaces. Finally, the training and 
testing datasets within each category follow the same cate-
gorization defined in the CTC.

1.2. Training Environment
For RWTT content, we performed 50 epochs of base 

training using Adam (   ,    , weight de-

cay=0) with an initial learning rate of 5×10-4, followed by 
20 epochs of fine-tuning; a step-decay schedule halved the 
learning rate every 10 epochs. For Static content, we used 

the same optimizer and initial learning rate for 50 epochs 
of training with the learning rate likewise halved every 10 
epochs. These procedures follow the CTC training method-
ology, which is recommended but not mandated, and, for 
fairness, we kept the training method consistent with the 
CTC models to ensure comparable model construction and 
evaluation. We trained on a single NVIDIA RTX A6000 
(48 GB GDDR6, PCIe) paired with an AMD EPYCTM 
7702P (64 cores @ 2.00 GHz) using PyTorch 2.4.1 with 
CUDA 11.8, with sparse-convolution operations im-
plemented via MinkowskiEngine 0.5.4.

1.3. Inference Environment
For inference, we used a single NVIDIA RTX 3090 Ti 

(24 GB GDDR6X, PCIe) with a 13th-Gen Intel CoreTM 
i9-13900K (24 cores @ 3.00 GHz), running PyTorch 2.0.0 
with CUDA 11.8 and MinkowskiEngine 0.5.4, and other-
wise matching the training setup. All codec parameters fol-
lowed the CTC test conditions for lossless geometry cod-
ing, and TMAP v3.1, the latest official AI-PCC test model, 
served as the anchor.

1.4. Performance Evaluation
Lossless compression performance is assessed using the 

bits-per-input-point (bpip) ratio, defined as the bitstream 
size per input point of the proposed method divided by that 
of the anchor and reported as a percentage.

2. Compression performance of the proposed 
methods

After integrating the proposed method into TMAP v3.1, 
the performance of the orthotropic rect-kernel extractor and 
aggregator on RWTT content is summarized in Table 1.

As shown in Table 1, the proposed method reduced the 
bitstream size for all three test sequences; RWTT 156 

  tanh  tanh  tanh       
        ... (5)
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Vishnu vox10 achieved the largest reduction of 2.9% bpip 
ratio, while RWTT 059 Tomb vox10 showed the smallest 
reduction of 200 bits. Although this value is too small to 
be visibly reflected in the table, it corresponds to approx-
imately 0.02% bpip ratio reduction when converted. 

In terms of runtime overhead, which is presented in 
Table 2, we observed average increases of 1.6% on the en-
coder and 9.2% on the decoder. The increase in complexity 
is likely due to the additional GPU computations in-
troduced by the proposed design. Unlike the previous ap-
proach, which used a single cubic kernel, the proposed 
method employs three separate branches, each with spe-

cially designed kernels to extract features along linear and 
planar directions, resulting in extra computational overhead 
on the GPU.

Similarly, Table 3 presents the performance of the pro-
posed sparse dilated extractor, with TMAP v3.1 serving as 
the anchor, and the dilation rates in Equation (4) were set 
to       and    . 

As shown in Table 3, all Static sequences exhibited bit-
stream reductions, with an average bpip ratio decrease of 
1.9%. The largest reduction was observed for Facade 
00009 vox12 at about 3.2%, while Shiva 00035 vox12 
showed the smallest reduction at about 1.3%.

Content
Bitstream size [Bits]

Bpip ratio [%]
Anchor Proposed

RWTT 059 Tomb vox10 1958312 1958112 100.0
RWTT 156 Vishnu vox10 1040696 1010840 97.1

RWTT 211 Foxstatue vox10 1415968 1382736 97.7
Average - - 98.3

Table 1. Lossless compression performance of the orthotropic rect-kernel extractor and aggregator compared to TMAP v3.1

Content Relative Time Complexity (Encoder) [%] Relative Time Complexity (Decoder) [%]

RWTT 059 Tomb vox10 101.5 107.6
RWTT 156 Vishnu vox10 101.4 110.9

RWTT 211 Foxstatue vox10 102.0 109.0
Average 101.6 109.2

Table 2. Time complexity of the orthotropic rect-kernel extractor and aggregator compared to TMAP v3.1

Content
Bitstream size [Bits]

Bpip ratio [%]
Anchor Proposed

 Arco Valentino Dense vox12 17193760 16948192 98.6
Facade 00009 vox12 12147912 11763864 96.8

House Without Roof 00057 vox12 26924024 26537944 98.6
Shiva 00035 vox12 11023640 10875488 98.7
Staue Klimt vox12 5576400 5460720 97.9

Average - - 98.1

Table 3. Lossless compression performance of the sparse dilated extractor compared to TMAP v3.1

Content Relative Time Complexity (Encoder) [%] Relative Time Complexity (Decoder) [%]
 Arco Valentino Dense vox12 102.4 107.8

Facade 00009 vox12 102.3 108.5
House Without Roof 00057 vox12 103.5 103.6

Shiva 00035 vox12 102.6 109.2
Staue Klimt vox12 102.0 118.5

Average 102.6 109.5

Table 4. Time complexity of the sparse dilated extractor compared to TMAP v3.1
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Similar to the RWTT results, the time complexity 
shown in Table 4 increased by approximately 2.6% for 
the encoder and 9.5% for the decoder on average. This 
increase is attributed to the same reason described in 
Table 2. In the proposed method, three separate branches 
are used, and each branch applies convolution operations 
with different dilation rates, which introduces additional 
computations.

In summary, by adapting kernel design to the distribution 
characteristics of dense and sparse point clouds, the pro-
posed methods enable distribution-aware feature extraction, 
produce more informative features, improve the precision 
of occupancy probability estimation, and consequently re-
duce the bits per input point.

3. Analysis on compression performance of 
proposed methods

As described in Section Ⅱ-1, TMAP performs hier-
archical coding according to the bit-depth of input point 
cloud. Therefore, to conduct a more detailed analysis of the 
proposed method’s performance, the efficiency of the 
Octree-based Coding was examined at each hierarchical 
level. The performance analysis of orthotropic rect-kernel 
extractor and aggregator for the RWTT content is shown 
in Figure 4, while that of sparse dilated extractor for Static 
content is presented in Figure 5. In Figures 4 and 5, the 
y-axis represents the Geometry Bitstream Size Ratio (%), 
which indicates the percentage change in bitstream size at 
each level compared with the anchor. A positive value de-
notes an improvement achieved by the proposed method, 
whereas a negative value indicates a performance loss. For 
clearer visualization of the results, a red baseline was 
placed at the point where the ratio equals zero. In addition, 
as indicated in the legends of each figure, the curves are 
labeled in the form of slice with number, which represents 

the slice_id used to distinguish multiple subdivided slices 
within the tested point cloud sequence.

As shown in Figure 4, the performance trends for the 
RWTT test sequences exhibit highly consistent patterns 
across different bit-depths. While noticeable gains are ob-
served at very low bit-depths, the mid-level layers show 
irregular variations in performance depending on the 
content. However, as the bit-depth increases, the results 
tend to converge toward regions of improvement. 
Although several mid-level layers experience local per-
formance losses, the overall compression efficiency is 
primarily influenced by the highest bit-depth layers, 
which contain the largest data volume. Consequently, an 
average compression gain can be observed in the overall 
performance evaluation.

Figure 5 presents the performance of the proposed 
method for Static contents across different bit-depths. As 
shown in Figure 5, irregular gains and losses are ob-
served at the lower and middle bit-depth layers for each 
content, and no consistent trend can be identified. In 
some cases, even different slices within the same content 
exhibit opposite characteristics such as Slice 0 and Slice 
1 in Figure 5 (a), or Slice 1 and Slice 3 in Figure 5 (c). 
However, across all contents and slices, the results tend 
to either maintain or achieve performance gains at higher 
bit-depths, ultimately leading to an overall compression 
improvement.

From the analyses of Figures 4 and 5, it can be con-
cluded that both proposed structures achieve compression 
gains primarily because their inference capability is more 
effective at higher bit-depths, where the spatial resolution 
is higher. Conversely, the performance variation across 
lower and intermediate layers appears to be less consistent. 
This indicates that the proposed methods are particularly 
effective in estimating occupancy probabilities for geo-
metrically complex regions at high resolutions.
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(a)

(b)

(c)
Fig. 4. Performance of the orthotropic rect-kernel extractor and aggregator across bit-depths for RWTT contents: (a) RWTT 059 Tomb 
vox10, (b) RWTT 156 Vishnu vox10, and (c) RWTT 211 Foxstatue vox10
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Ⅴ. Conclusion

In this paper, we proposed two types of feature process-
ing modules to enhance the feature representation and gen-
eration capability of the current AI-PCC standard codec, 
TMAP. For dense point cloud compression, we designed 

the orthotropic rect-kernel extractor and aggregator that 
learn directional features along linear and planar 
orientations. We also introduced a sparse dilated extractor 
that captures irregular spatial sparsity for the sparse point 
cloud. The proposed methods were developed to improve 
occupancy probability prediction, thereby achieving gains 

 

(a) (b)

 

(c)     (d)

     (e)

Fig. 5. Performance of the sparse dilated extractor across bit-depths for Static contents: (a) Arco Valentino Dense vox12, (b) Facade 00009 
vox12, (c) House Without Roof 00057 vox12, (d) Shiva 00035 vox12, and (e) Staue Klimt vox12
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in lossless compression efficiency. As confirmed in Section 
IV, the proposed techniques do not exhibit uniform per-
formance across all bit-depths; rather, the most significant 
gains are consistently observed at higher bit-depth regions, 
where the geometric structure becomes more complex. This 
implies that the proposed architectures are particularly ef-
fective at extracting and utilizing features in geometrically 
intricate regions with high-resolution. As a future direction, 
we plan to refine the framework to robustly exploit feature 
information even in lower bit-depth layers, thereby ensur-
ing consistent performance across all hierarchical levels 
and further improving the overall compression efficiency.
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