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Abstract

This study introduces a hybrid point cloud compression method that transfers from octree-nodes to
voxel occupancy estimation to find its lower-bound bitrate by using a Binary Arithmetic Range Coder.
In previous attempts, we’ve shown that our entropy compression model based on index convolution
achieves promising performance while maintaining low complexity. However, our previous model
lacks an autoregressive approach, which is apparently indispensable to compete with the current
state-of-the-art of compression performance. Therefore, we adapt an autoregressive grouping method
that iteratively populates, explores, and estimates the occupancy of 1-bit voxel candidates in a more
discrete fashion. Furthermore, we refactored our backbone architecture by adding a distiller layer on
each convolution, forcing every hidden feature to contribute to the final output. Our proposed model
extracts local features using lightweight 1D convolution applied in varied ordering and analyzes causal
relationships by optimizing the cross-entropy. This approach efficiently replaces the voxel convolution
techniques and attention models used in previous works, providing significant improvements in both
time and memory consumption. The effectiveness of our model is demonstrated on three datasets,
where it outperforms recent deep learning-based compression models in this field.

Keywords: data compression; point cloud; LiDAR; autonomous driving; robotic; virtual reality

1. Introduction

Point clouds have become a fundamental data representation across a wide range of applications,
including autonomous driving, robotics and virtual reality [1-3]. Their ability to accurately capture
complex three-dimensional structures makes them indispensable in scenarios where precise geometric
detail is required. However, raw point clouds are often extremely large and irregular in structure,
leading to substantial storage and transmission costs. As a result, Point Cloud Geometry Compres-
sion (PCGC) has emerged as a critical research topic, aiming to reduce data size while preserving
spatial fidelity.

Traditional PCGC methods, such as Google’s Draco [4] and MPEG’s G-PCC [5], rely on hand-
crafted context models that operate on tree or graph-based spatial structures. These methods offer sta-
ble performance and reliable decoding characteristics, yet they are fundamentally limited by heuristic
probability estimation. In particular, G-PCC achieves strong Rate-Distortion (R-D) but suffers from high
decoding latency, whereas Draco favors real-time decoding at the expense of compression efficiency.

Advances in deep learning have enabled significant improvements in PCGC by learning context-
aware occupancy prediction directly from data. Voxel-based models [6-9] leverage 3D convolu-
tion or masked autoregression to predict occupancy at fixed resolution grids, while octree-based
approaches [10-13] operate on hierarchical spatial partitions. Hybrid techniques [14,15] have demon-
strated strong performance by integrating voxel convolution and feature embeddings, switching
between voxel and tree representation. Despite these advancements, existing neural approaches often
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face a fundamental trade-off between compression performance, runtime efficiency, and memory
consumption, particularly during decoding.

In intermediate proceedings [16], we introduced multi-index convolution as a novel entropy model
for PCGC. However, the resulting performance lagged behind state-of-the-art methods. This shortcom-
ing was primarily due to three factors:

1.  the absence of coherent autoregressive feedback from sibling nodes,

2.  an inefficient backbone architecture, and

3.  the inherently more challenging objective of predicting octree occupancy patterns rather than
voxel occupancies.

With MIC-OPCCv2, we present a substantially improved version of our multi-index convolution
approach, which surpasses current models that rely on self-attention or sparse convolution mecha-
nisms. By reformulating the objective to predict voxel occupancy, our method facilitates an efficient
progressive grouping strategy [9] that enables iterative neighborhood context exploration during decod-
ing. Moreover, we introduce a novel Blender & Distiller network pattern, which intensifies the residual
learning pattern inspired by ResNet [17] while adopting a hierarchical fusion mechanism similar in
spirit to U-Net [18], but designed as a voting-based probability aggregation process. Finally, we address
the limitations in diagonal spatial analysis by incorporating the breadth-first traversal order into our set
of indices, thereby enhancing spatial feature comprehension and robustness. Our method introduces
three key contributions:

1.  Extended Multi-Index Convolution: An extended version of our proposed index convolution,
including the breadth-first traversal order to approximate diagonal analysis along with sequences of
axial index reorderings that expand coherent spatial receptive fields without the computational
overhead of 3D sparse convolution or attention layers.

2. Blender & Distiller Architecture: A hierarchical feature aggregation and voting mechanism
inspired by U-Net-like multi-scale representation learning, improving robustness to large entropy
variation across octree levels.

3. Progressive Grouping Strategy: An adapted version of a structured decoding schedule that priori-
tizes contextual refinement for early occupancy decisions while accelerating later decoding stages.

Together, these components enable MIC-OPCCv2 to achieve competitive or state-of-the-art R-D
across both sparse LiDAR scans and dense object reconstructions, while maintaining a substantially
reduced computational footprint compared to transformer- and sparse-convolution-based models.
Experimental results demonstrate that MIC-OPCCv2 generalizes effectively across heterogeneous
point cloud distributions and achieves favorable performance in both R-D and decoding efficiency.

The remainder of this article is organized as follows. In Section 2, we review related work in deep
learning-based point cloud compression. Section 3 outlines the theoretical background and entropy
modeling framework. Section 4 presents our proposed MIC-OPCCv2 model in detail. In Section 5,
we describe the experimental setup, including datasets, model configurations, and training strategies.
Finally, Section 6 evaluates our method against state-of-the-art models, followed by discussions
and conclusions.

2. Related Work

In PCGC, we distinguish between sparse and dense point clouds primarily reflecting differences in
spatial distribution and structural completeness.

Sparse point clouds — typically acquired by mobile LiDAR systems [19-22] — contain relatively
few points per unit volume, exhibiting large empty regions, anisotropic sampling patterns, and strong
non-uniformity caused by occlusions and long-range sensing. They generally represent expansive,
concave outdoor environments in which surfaces are only partially and unevenly observed.

In contrast, dense point clouds — such as voxelized human-body scans or multi-view reconstruc-
tions [23,24] — provide near-contiguous sampling of predominantly convex shapes, forming compact,
high-density clusters with rich geometric detail and stable local neighborhoods.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.1367.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 January 2026 d0i:10.20944/preprints202601.1367.v1

30f23

Both types pose greater challenges for contextual modeling, occupancy prediction, and entropy
coding due to their irregular structure and large proportion of data. This compels most methods to
transform them into more uniform representations. These approaches estimate occupancy probabilities
through context modeling and achieve compression via entropy coding. Typically, context models rely
on spatial feature analysis, such as via 3D voxel convolutions or handcrafted features that incorporate
occupancy indicators and quantization levels. More recent studies have shifted toward autoregressive
techniques, which enhance compression efficiency but substantially increase inference time. While
fully autoregressive models can be parallelized during encoding, decoding must proceed sequentially
for each point p;, since it depends on the prior state p;. This sequential dependency has motivated
semi-autoregressive approaches that use grouping strategies to enable partial parallel decoding with
minimal trade-offs.

Depending on their representation strategies, methods can be broadly classified into four cate-
gories: tree-based, voxel-based, projection-based, and point-based approaches. Tree-based models represent
geometry via KD-trees [25] or octrees [26] and predict node occupancy hierarchically. Voxel-based
methods [6] operate on quantized voxel grids with 3D convolutional networks. Projection-based
approaches [27,28] compress 2D depth maps, while point-based models encode learned point-wise
features directly.

2.1. Traditional Methods

Traditional methods for PCGC, such as Google’s Draco [4] and MPEG’s G-PCC [5], are widely
adopted due to their interpretability, stability, and general effectiveness. Both convert point clouds into
KD-trees and use node occupancy for context modeling. Projection-based methods, such as V-PCC [28],
project 3D data into 2D representations for conventional image compression, but they suffer from
projection artifacts and partial information loss. All these codecs rely on heuristically designed contexts
limited to small neighborhoods, restricting overall performance. This has prompted a shift toward
learned entropy models that automatically infer context information using deep neural networks. The
timeline in Figure 1 highlights this steady performance improvement of deep learning-based models
over traditional G-PCCv14 [5], for both sparse and dense point clouds.

Point Cloud Geometry Compression — Timeline
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Figure 1. The timeline of key publications in lossless point cloud geometric compression over the past half decade,
illustrating the steady performance improvements achieved relative to the G-PCCv14 baseline. !SparsePCGC was
originally published in November 2021 with comparatively lower performance due to hardware limitations at the
time. With the advent of newer GPUs such as the NVIDIA RTX 4090, larger model configurations and reduced
inference times have become feasible, resulting in significantly improved compression performance.
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2.2. Voxel-Based Entropy Models

These methods employ 3D convolutions over voxelized occupancy grids. However, due to the
cubic complexity O (%), high-resolution voxelization can quickly exceed hardware capacity. Nguyen et
al. introduced VoxelDNN [6], inspired by PixelCNN [29], which partitions point clouds into 643 voxel
blocks and uses masked 3D convolutions in a fully autoregressive manner to predict voxel occupancy
probabilities. Kaya et al. proposed NNOC [30], which explores the voxel grid layer by layer, but both
models remain fully autoregressive and hence computationally expensive. MSVoxel DNN [7] partially
relaxes the autoregressive dependency, achieving parallelism at the cost of higher bitrates.

Sparse convolution frameworks such as the Minkowski Engine [31,32] allow high-resolution
processing. This enabled Wang et al. to develop SparsePCGC [8], capable of 12-bit precision using
sparse convolution with an 8-stage autoregressive model. Later, UniPCGC [9] proposed a refined
grouping strategy, arguing that early-stage voxels provide underrepresented spatial information.
By skipping select voxels in initial groups and expanding later stages, UniPCGC improved both
compression ratio and decoding time compared to SparsePCGC. SparseVoxelDNN [33] is namely the
transition of VoxelDNN [6] from dense convolution to sparse convolution.

2.3. Octree-Based Entropy Models

Octree-based approaches decompose point clouds hierarchically, enabling localized feature ex-
traction per node. OctSqueeze [10] was the first end-to-end octree-based model, predicting the 8-bit
occupancy code of each node using an Multi Layer Perceptron (MLP) that processes ancestor features.
However, its lack of neighborhood search and autoregression limited effectiveness, and later voxel-
based approaches surpassed it. Recent octree models, including OctAttention [11], ECM-OPCC [12],
and EHEM [13], leverage attention mechanisms such as transformers to capture hierarchical de-
pendencies. They convert octrees into deterministic sequences (e.g., breadth-first order), allowing
transformers to model autoregressive dependencies efficiently. Yet, the breadth-first ordering only
approximates neighborhood relations and does not always reflect true spatial proximity. While these
transformer-based methods excel in sparse point clouds, they are computationally heavy. For example,
ECM-OPCC [12] achieves strong compression performance but requires 19.5 seconds for decoding
and nearly exhausts 40 GB of GPU memory, limiting real-time applicability. EHEM [13] introduces a
hierarchical attention mechanism designed to accelerate decoding by efficiently expanding the receptive
field. It first merges the features of sibling nodes before applying the transformer, and then up-samples
them back to their original resolution. This hierarchical fusion strategy effectively broadens the spatial
context at low computational cost, demonstrating particular efficiency for sparse point clouds.

2.4. Hybrid Entropy Models

Hybrid models combine multiple representations — such as octrees, voxelization, and spatial
coordinates — offering a balance between granularity and efficiency. VoxelContextNet [14] encodes
octrees but converts each node into small voxel blocks (113) for 3D convolutional feature extraction.
The more recent RENO [15] uses sparse convolution with embedded occupancy features (32 chan-
nels per voxel) and two autoregressive stages. Our proposed MIC-OPCCv2 consumes point-based
features while maintaining an octree structure, but encodes each occupancy symbol bit-by-bit in a
voxel-wise manner.

2.5. Summary

In summary, Table 1 provides a structured comparison of leading deep learning-based PCGC
methods. We categorize these models according to four key aspects:

1. Type of input features;

2. Main context modeling component;
3. Type of probability output; and

4.  Level of autoregression.
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The final two columns report their compression performance on sparse versus dense point clouds
and their decoding times. All results are cited faithfully from original sources. It is evident that
fully autoregressive models achieve strong compression but at impractical decoding times. Semi-
autoregressive methods address this limitation through architectural enhancements or model scaling.
Finally, voxel-based approaches tend to perform better on dense point clouds, whereas octree-based
methods excel on sparse data.

Table 1. A set of deep learning-based entropy models for geometric point cloud compression, grouped and
categorized by their input features, primary context modeling components, output probability representations,
and autoregressive level. The last two columns on the right summarize the relative compression performance

gain~! over G-PCCv14 and the decoding time for both sparse and dense point clouds.

Auto-

Name Input Context Model = Output Sparse Time
regressive Dense
location,
MIC- occupancy Index 32.6% 3.58
OPCCv2 (binarized) Convolution semi 30.6% 5s
MSVoxel DNN - -
Masked -9.7% 58s
Voxel DNN 3D-Convolution  yqyels - -
0.1 13.9% 640s
fully
NNOC voxels _ _
11.5% 1171s
Masked & Sparse - -
SparseVoxelDNN 3D-Convolution 52.8% 229
SparsePCGC ) 22.0% 1.2s
semi 33.8% 1.9s
Sparse
UniPCGC 3D-Convolution - -
29.2% 0.57s
occupancy 17.8% 0.1s
RENO (embedded) _ i
Voxel- . 8.1% 0.09s
Context Net voxels 3D-Convolution 10 .
MIC- P Index none 19.6% 2.55
OPCCv1 oceupancy Convolution
v (binarized) onvoiutio octree 30.6% 5.0s
locati nodes
ococfla ;(;Il' Multi-Layer 1..255 .
OctSqueeze le\I:/,el ¥ Perceptron 2.1% 0.08s
octant (MLP)
OctAttention  occupancy, fully 19.50% 530s
level, breadth-first 9.7% 1229s
ECM-OPCC octant transformer 32.6% _
(embedded) semi 19.5% 19.8s
EHEM 32.6% 0.43s

Projection-based methods are excluded from this survey due to their inherent limitations. For

instance, RIDDLE [27] applies only to single range-image frames from individual sensors, whereas
many real-world point clouds are composites from multiple scans and sensors [20,21,23,24].

Despite significant progress, existing methods continue to face key trade-offs between compres-
sion efficiency, decoding speed, and memory consumption. Fully autoregressive models achieve
superior bitrates but suffer from prohibitively long decoding times, while semi-autoregressive or
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sparse convolution methods often sacrifice accuracy for faster inference. Transformer-based octree
models, though highly expressive, require extensive computational resources and large memory
footprints, making them unsuitable for real-time applications or deployment on embedded systems.
To address these challenges, we propose MIC-OPCCv2, a lightweight and computationally efficient
hybrid entropy model based on multi-indexed 1D convolution. Our approach captures spatial context
through dynamically ordered convolutions, achieving fast decoding with competitive compression
performance - bridging the gap between traditional octree-based and voxel-based neural codecs.

3. Background

Our method builds on the same foundational principles as previous work, leveraging Shannon’s
theorem [34], which defines the entropy & of a symbol s as

h(s) = — log, p(s). 1)

This formulation defines the entropy & as the theoretically required number of bits to represent a
symbol s, where the probability p(s) lies within the range 0 < p(s) < 1. During decoding, however, the
true probability distribution p(s) is uncertain and can only be approximated by a stochastic, heuristic,
or empirical model. We express this approximation as

q(x) =9, (2)

where y is a one-hot encoded vector representing the ground truth symbol s, and ¥ is the
estimated probability distribution inferred from the contextual input x. Our goal is to optimize
9o (x) — a parameterized empirical model, such as one driven by deep learning — by minimizing the
cross-entropy between y and Qp(x;):

H(y,x) = — ) _yilog Qp(x;), (©)
=

where H(y, x) measures the divergence between the true and estimated distributions. An Arith-
metic Encoder [35] can then transform the symbol s into a compact bitstream, with the efficiency of the
encoding directly tied to the accuracy of the probability estimate Qg(x;) = ¥;.

3.1. Binary Arithmetic Coding

Arithmetic coding is a form of entropy encoding used in lossless data compression. Unlike
Huffman coding [36], which assigns discrete bit patterns to each symbol, arithmetic coding encodes
an entire message into a single fractional number within the interval [0,1). This approach allows for
fractional bit efficiency, resulting in compression rates close to the theoretical entropy limit.

In arithmetic coding, a message is represented by a progressively refined numerical interval.
Each new symbol subdivides the current interval into smaller partitions according to its estimated
probability. The more probable a symbol is, the smaller the range reduction it induces — thus requiring
fewer bits to encode. This recursive subdivision continues for all symbols in the message, producing
an increasingly precise numerical representation. When the final interval is specified to sufficient
precision, its binary representation serves as the compressed output.

Binary Arithmetic Coder (BAC), a simplified form of arithmetic coding, performs recursive
interval subdivision based on binary decisions between the most probable symbol and the least
probable symbol. The interval width corresponds to the product of the symbol probabilities, and the
binary representation of the final interval asymptotically approaches the Shannon theorem’s lower
bound on entropy. A key advantage of BAC is its clean separation between modeling and coding,
allowing a probability model to be optimized independently from the coding engine — a property
central to our proposed approach.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.2. Fast Octree Coder

An octree provides an efficient means of organizing unstructured and unsorted data through
recursive spatial partitioning [26]. However, costly spatial computation and floating-point arithmetic
can be avoided by Fast Octree Coding (FOC) as shown in Figure 2. FOC simply groups a pre-quantized
point cloud Q based on the t most significant bits of each component in a quantized point q = py, ,,
where t reflects the current quantization level and tree depth. Each group raises a bit on the 8-bit
occupancy symbol s according to its octant signature at position t. This algorithm allows fast random
access to any depth-level in the tree at a complexity of O(log, 1)

Octree code decomposing these 8 points

8 quantized & binarized points (e.g. 8bits) to 8bit occupation symbols

group 010=2 group 101=5
7
6
5
1 8 — e S e
0 e A i S—a— e —t Sa——"
01112 0[1]213|4|5]6]7

Figure 2. Fast Octree Coding. Any octree level at depth ¢ can be constructed instantly with a complexity of
O(log, n) by grouping points according to their 3t most significant bits, enabling efficient hierarchical partitioning
of the quantized point cloud.

A breadth-first traversal of the octree, expressed as S = {sg = (so, - -,5;), .., }, typically yields
much lower entropy per symbol s than the raw spatial coordinates p = (x,y, z) of a point cloud P.

Earlier octree-based models, such as OctSqueeze [10], included the real-valued positions of each
octree node as features. However, the absence of real position values in recent works [9,11-13,15]
implies that this feature is less effective for spatial context modeling. Instead, embedded occupancy
flags, 3-bit octants, and quantization depth provide more discriminative and compact features.

4. Methodology

Building upon the limitations identified in prior research, we propose MIC-OPCCv2 — an enhanced
version of our lightweight multi-index convolutional entropy model [16] designed for efficient octree-
based point cloud compression. An overview of the framework is provided in Figure 3. The architecture
integrates four key components:

1.  a Progressive Grouping scheme, which introduces autoregressive dependencies between voxel
candidates at identical resolution levels;

2. aBlender & Distiller network, which refines hierarchical representations through residual feature
aggregation;

3. amulti-index convolution backbone, enabling spatially coherent context extraction at minimal
computational cost; and

4. abinary location encoder, serving as a compact and expressive geometric feature representation.

Together, these components allow MIC-OPCCv2 to achieve competitive or state-of-the-art com-
pression performance while operating with significantly lower memory usage and substantially
reduced decoding complexity compared to existing neural PCGC methods.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 3. Overview of the MIC-OPCCv2 architecture. The input point cloud is quantized and binarized to form
an octree representation. Each octree node expands into eight voxel candidates, which are arranged into eight
autoregressive groups following a checkerboard scheduling scheme. Each group is processed by the Blender
& Distiller network using multi-index convolution to estimate occupancy probabilities. These probabilities are
consumed by a BAC during compression and are supervised through categorical cross-entropy during training.
The resulting occupancy symbols can be converted back into an octree and subsequently into a reconstructed
quantized point cloud.

The following sections detail the core elements of the proposed codec. Section 4.1 introduces the
multi-index convolution mechanism. Section 4.2-4.3 describes the Blender & Distiller network and the
Progressive Grouping strategy. Section 4.4 outlines the construction of binarized location features, and
Section 4.5 presents the training objective and loss formulation.

Index Convolution (F, I,y ; o)

L © @

g@%%é‘%@

LY @ © O

sum

Index Convolution (F, I,y ; o)

normalize

sum

87

o€

scatter(F, 14)

scatter(F, 12)

scatter(F, 13)

scatter(F, 14)

1D-conv 1D-conv 1D-conv 1D-conv
gather(F, 14) gather(F, 12) gather(F, 13) gather(F, 14)
A A

T

T

Y

Figure 4. Illustration of the proposed multi-indexed 1D convolution process, which reorders spatial features
along multiple dimensions to form directionally variant receptive fields. Each convolution output is reverted and
aggregated in the original order to accumulate contextual information in all directions.

4.1. Index Convolution

Transformer-based methods [11-13] process octree nodes sequentially following a breadth-first
traversal order. However, this neighborhood ordering is not always spatially consistent, as nearby
points or voxels may appear far apart in the traversal sequence as ocrtee nodes. To overcome this
limitation, we introduce a multi-indexed 1D convolution operation.
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For each spatial dimension, an arg-sort operation generates an index that defines the processing
order. This index is created once at the beginning. The point features are then reordered accord-
ing to this index before applying 1D convolution. After convolution, the outputs are reverted to
their original order using the inverse index and concatenated. Repeating this process across all di-
mensions progressively enlarges the model’s receptive field, enabling the aggregation of broader
spatial dependencies.

Our indexed convolution can be interpreted as an approximated low-complex k-nearest-neighbor
lookup along fixed axes, effectively merging adjacent voxels in sorted order. Unlike previous methods
that rely on zero-padding for empty voxels within a fixed receptive window, our approach ensures
that only existing voxels contribute to the receptive field. This dynamic adaptation allows the model
to handle sparse regions more effectively by implicitly adjusting the receptive field size.

4.2. Blender & Distiller

Samples in PCGC exhibit a wide range of entropy characteristics. Low-resolution samples
tend to emit low entropy, while high-resolution samples approach near-random distributions with
substantially higher entropy. Consequently, prior research has emphasized the value of residual
network architectures to accommodate such variability [9,17,33]. The underlying intuition is that low-
entropy samples can be effectively modeled with shallow networks, whereas high-entropy samples
require deeper networks capable of capturing more complex causal dependencies.

Voxel occupancy estimation, as formulated in PCC, is conceptually analogous to image segmenta-
tion. In this domain, U-Net architectures [18,37] have demonstrated superior performance compared
to conventional ResNet-based models, primarily due to their ability to combine multi-scale contextual
information through skip connections. Inspired by these findings, we propose a Blender & Distiller
architecture, illustrated in Figure 5.

Blender & Distiller Sub-Module (N,k)

| blender |—)| distiller l— —)lindex—conkal—)l gather(F"',T)l—)| denseNk l—
x 1

1 1
| blender |_)| distiller |_ |:> —)llndexconv2k|—>| gatherF ,T) l—)| den392k l—
T
blender |—>| distiller —)llndex-conv1k|—>| gather(F T |—>| dense;* |_

Y

Figure 5. The proposed Blender & Distiller architecture is a strongly residual framework inspired by U-Net [18],

NPA

but differs by incorporating a multi-stage voting mechanism on the output side, where each distiller contributes
to the final probability estimation.

In our design, the blender layers act as recursive feature aggregators that combine information
across different receptive fields. Aggregation can be achieved through summation, concatenation,
convolution, or attention-based fusion. In our case, multi-index convolution serves as the primary
aggregation mechanism, progressively refining spatial context representations across hierarchical
depth. Each blender layer thus produces increasingly complex hidden features, with deeper layers
contributing to broader spatial understanding.

The distiller layers, on the other hand, are responsible for extracting probability estimations from
each blender stage. Their outputs are subsequently combined through a normalized summation,
effectively forming a collective “vote” across all hierarchical levels of the network. This mechanism
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enforces contribution from every stage, ensuring that intermediate representations meaningfully
participate in the final prediction. Empirically, this voting-based mechanism proves highly effective
for PCGC, as it maintains strong contextual awareness across both local and global spatial scales.

Unlike the U-Net [18], our design omits connections between distiller inputs, simplifying the
data flow while maintaining hierarchical feature consistency. For binary classification tasks, each
distiller outputs two positive unconstrained logits. This formulation allows a distiller to either
abstain from contributing (by emitting near-zero magnitudes) or to dominate the final consensus
when confident. Through backpropagation, each distiller dynamically adjusts its contribution to the
aggregate prediction, facilitating adaptive behavior across samples of varying entropy.

Formally, the aggregated output of all N distillers is expressed as

N .
Ffjg“ = ; Distiller;(F{ ), (4)

Qo (ct,g‘oqtlg)) = SoftMax(F}*1), 5)

where Distilleri(Ff,g) denotes the i-th distiller output operating on hidden features F; , derived from
the preceding blender layer. The softmax normalization converts the summed logits into a probability
distribution Qg (C ¢

Ct¢ conditioned on the previously decoded occupancies O ; ).

O (1,4)), which represents the estimated occupancy likelihood for voxel candidates

These probabilities directly feed into the categorical cross-entropy loss described in Section 4.5,
ensuring that learning is guided by the aggregated multi-scale consensus of all distillers. In this way,
the Blender & Distiller network forms a mathematically consistent bridge between spatial feature
extraction and probabilistic entropy modeling, enabling efficient and robust learning across diverse
octree resolutions.

Group1 Group2 Group3 Group4
s:2,0:0,v:[1] s:2,00 1, vi[1] s:2,0:1,v:[8] s:2,0:0,v:[8]

Group5 Group6 Group7 Group8
s:1,0:0,v:[4] s:1,0:0,v:[5] s:1,0:0,v:[2,7] s:1,0:0,v:[3,6]

1 . .
unresolved @ candidate @ resolved

Figure 6. Progressive grouping strategy of MIC-OPCCv2. Each point p; expands into a block of eight voxel
candidates v. For every autoregressive group, voxel candidates are selected according to a stride s, an offset o,
and a target index v. Early groups operate under limited spatial context and therefore decode only a subset of
voxels, enabling more reliable probability estimation for later groups. As contextual information accumulates,
later groups increase throughput by decoding multiple voxels concurrently.
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4.3. Proregressive Grouping

To incorporate autoregressive dependencies efficiently, we adopt a grouping strategy inspired by
UniPCGC [9], which improved upon the SparsePCGC [8] framework. The core idea is to process subsets
of voxels iteratively, balancing early-stage contextual learning with late-stage decoding efficiency.
Our variant of a Progressive Grouping scheme alternates this approach by skipping every second
voxel in the first 4 groups, pioneering with a lower number of voxel candidates into that unknown
distribution, followed by denser processing in later groups when more of the actual distribution
reveals. This strategy effectively balances context enrichment and decoding speed, leading to improved
overall performance.

p =(14.9,81.96, 17.65)
quantization of p q= (p+o)/s*2'-=8 = (38, 209, 45), (s=100, 0=0)
gp=o= (00100110, 11010001, 00101101},)

layer 1 2 3 4 5 6 7

quantized
point

half
mask

mask
layer 5

feature

Figure 7. Illustration of the binarization, normalization, and masking process for feature generation at quantization
level L = 8 and current coding depth t = 5. Bits beyond the current depth are masked to prevent access to
unavailable information during decoding.

4.4. Binary Location Encoding

Each point p = (x,y,z) € Ris first normalized and quantized according to
2L
q= L(p—O)J, (6)

ensuring all coordinates are positive and confined to the range [0,2L). A binarization function generates
bit-level representations:

bi(p) = | 2| mod 2, @)

and concatenation across axes produces hierarchical binary descriptors:

br(q) = [br-1(2),br—1(y), br—1(x),...,bo(z), bo(v), bo(x)]. (8)

A mask m,; ensures that only information up to the current decoding depth ¢ is visible:

1, ifi <td,

0, otherwise .
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Finally, the masked binary features are centered to [—0.5,0.5] to distinguish true zeros from
masked bits:

= {(bL(pj) — 0.5)my, | Vj}. (10)

Using this binarization scheme, variant indices I can be derived for different voxel orderings,
enabling diverse spatial perspectives in the multi-index convolution process. By summing the bits
across the quantization levels L and dimensions d, we obtain an index I; corresponding to the breadth-
first traversal order of an octree:

L-1 3 frd
- {z 3 b (pa) 2 H-1

k=0d=1

Vp = (x,yIZ)}- (11)

Alternatively, by summing the binary bits along dimensions first and then over quantization levels, we
derive axial voxel orderings, such as I, Iy, and I:

{3

3 L
Y )
d=1k=1
Y Z b—k(pa)2"*|Vp = (y,z,x)}, (13)
.
ot

b k(pa)2H~*|vp = (x, y,Z)}, (12)

Iy

b
.

By cyclically swapping the dimensional components in p, we obtain different axial orderings for each

Lx(pa)2H7*|Vp = (2, w)}. (14)

dimension d. These variant indices serve as sorting references for our multi-index convolutions, allowing
the model to perceive spatial relationships from multiple directional perspectives.

4.5. Loss Function

The training objective of MIC-OPCCv2 is to minimize the categorical cross-entropy loss between
the predicted probability distribution Pt ¢ and the true occupancy label Ot ¢ for each voxel, across all
resolution levels t and autoregressive groups g. The loss function is formulated as:

Lig =B, n,, | ~10g Qo(Crg|O-

(t,g)):| , (15)

where Qy represents our probability estimation model parameterized by 60, applied over the cur-
rent voxel candidates C;¢ and the already processed occupancy symbols O_ ;) from previous
decoding steps.

For each target voxel, the model outputs two class probabilities — occupied versus empty — using
a softmax activation applied to the final feature representation Ftljg*l, as defined in Equation 5.
Each distiller layer Distiller; implements a fully connected (dense) layer with kernel size k = 2,

using SoftPlus for unbound positive activation:
Distilleri(l—"ti,g) = SoftPlus (Densefzz(lfti,g)). (16)
The input features Fg,g correspond to the subset of encoded voxels T; ¢ at the current stage i, defined as:

Fo={x|VneTig:x, € F}. (17)
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The distillers extract two scalar outputs per voxel, corresponding to the probability logits of

occupancy and emptiness. These logits are derived from the recursively accumulated hidden features
F!, obtained via the blender layers:

F' = Blender;(F' 1), (18)

where each blender performs feature aggregation across all spatial indices using layer normalization
and ReLU activation:

Blender;(F'~1) = LayerNorm ( ) ReLU (IndexCoan;64 (F1, Id)) ) : (19)

d=1

This formulation summarizes four index-convolutions with different sorting orders I, starting from
the initial feature set FY:

F' = {bu(p) | vp € U{Crg Ocr)} | (20)

where b (p) represents the binarized and serialized feature vector of spatial locations p. Here, O_ ;o
refers to all decoded voxels from prior steps, and Ciq represents candidate voxels generated for the
current group. Our overall probability mass function is therefore:

L G=8
Po(0) = TTTT Qo(Crg|O<rg) )- (21)
g=1

t=1

This autoregressive structure allows MIC-OPCCv2 to iteratively refine spatial and contextual

representations across layers and groups, improving the accuracy of occupancy probability estimation
for each voxel candidate.

4.6. Model Splitting

Each octree level exhibits distinct entropy characteristics due to the hierarchical refinement of
spatial resolution, as illustrated in Figure 8. The upper levels near the root generally show low entropy,
since most nodes are fully occupied when the point cloud is centered. Intermediate levels contain
the widest variety of occupancy patterns and therefore present the highest entropy. At deeper levels,

although spatial precision increases, occupancy becomes sparse and the entropy decreases again, as
fully occupied patterns are rare.

Variance of Occupancy in SemanticKITTI Variance of Occupancy in 8iVFBv2

1 S O B 1 T T T
) )
X 0.75 S 0.75 -
i S
g &
- -
5] 5]
£ RS
[} [}
9 9
=1 =1
8 8
s 5}
> >

1234567 8911112 1 2 3 4 5 6 7 8 910
Tree Depth Tree Depth

(a) (b)

Figure 8. Variance in occupancy distributions across octree levels. (a) SemanticKITTI (sparse): entropy is low
at shallow and deep levels, but peaks at mid-levels where structural variation is highest. (b) 8iVFBv2 (dense):

occupancy distributions maintain consistently high variance starting from level 4 due to dense and surface-
complete geometry.
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In principle, each octree level could be processed by an individually parameterized sub-module
with dedicated convolutional and dense layers, enabling optimal adaptation to its entropy profile.
However, such a design is computationally expensive, memory-intensive, and reduces parameter shar-
ing, which may impair generalization. To balance expressiveness and efficiency, we group neighboring
octree levels into a limited number of sub-modules, each tailored to a characteristic entropy regime,
for instance:

e  Module A (Shallow Levels): Processes the coarsest levels, where occupancy is dense and entropy
is low. A compact configuration with fewer parameters is sufficient, as occupancy patterns are
highly predictable.

e Module B (Intermediate Levels): Covers the layers with the greatest variability in occupancy and
the highest entropy. Here, a more expressive representation is required. Since spatial structure is
still relatively coarse, increasing the channel dimension k is more effective than increasing the
number of layers N.

e Module C (Deep Levels): Handles the finest levels, where occupancy is sparse and spatial
geometry must be inferred from broader context. In this regime, a large receptive field is essential,
favoring a higher depth N of convolutional layers to propagate long-range dependencies.

This level-wise grouping strategy preserves predictive accuracy across the entire octree depth
while controlling computational cost, enabling efficient modeling of both coarse global structure
and fine-grained geometric detail. Moreover, the modular decomposition allows individual sub-
modules to be fine-tuned, replaced, reused, or extended independently, facilitating adaptation of
the codec to different application requirements such as memory constraints, target resolution, or
operational latency.

5. Experiments

This section outlines the experimental setup used to evaluate the proposed MIC-OPCCv2
framework, including datasets, implementation details, and evaluation metrics. We then com-
pare our method against representative state-of-the-art PCGC approaches on both sparse and
dense benchmarks.

5.1. Datasets

To verify the robustness of MIC-OPCCv2 across different geometric structures, we evaluate the
model on both sparse and dense point cloud datasets. For fair comparison, we adopt the same training
and test splits as previous studies [12].

5.1.1. SemanticKITTI

The SemanticKITTI dataset [19] consists of large-scale outdoor LiDAR scans captured from a rotat-
ing 64-beam sensor at 10 Hz. Each frame contains roughly 10° points with coordinates p = (x,y,z,1),
where the intensity [ is not considered in our experiments. The point clouds are stored in 32-bit
floating-point precision with a spatial resolution of 10~* meters and span up to approximately 270 m
in diameter, requiring 18 bits per coordinate for lossless quantization. Following the standard protocol,
sequences 00-10 are used for training, while the remaining sequences serve for testing.

5.1.2. MPEG’s 8i Voxelized Full Bodies (8iVFBv2)

The 8iVFBv2 dataset [23] is used to evaluate performance on dense point clouds composed of
voxelized human scans. Although the dataset contains both geometry and color, only geometry is
considered in this work. The dataset is widely adopted due to its standardized quantization levels
(10-12 bits), enabling controlled R-D comparisons. Following common practice [38], we evaluate four
benchmark sequences: Redandblack and Loot (300 frames each), as well as single frames from Thaidancer
and Boxer, while Longdress and Soldier are used for training.
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5.2. Implementation Details

MIC-OPCCv2 is implemented in TensorFlow 2.9 and employs an integrated arithmetic coder
provided by Ballé et al. [39]. We configure two model variants (as illustrated in Figure 9): one optimized
for sparse point clouds and one for dense point clouds.

"Dense" Model

"Sparse" Model

Sub-Module (N=2, k=64)

Sub-Module (N=3, k=16)

Sub-Module (N=4, k=64)

Sub-Module (N=6, k=32)

Sub-Module (N=6, k=64)

Sub-Module (N=9, k=64) Sub-Module (N=8, k=64)

Sub-Module (N=12, k=48) FNg Sub-Module (N=10, k=64) FNg

(@) (b)

Figure 9. Model configurations for sparse and dense point clouds. (a) The sparse configuration employs four
sub-modules, each with a distinct number of blender layers N and kernel size k, reflecting the varying entropy
across octree depths in sparse point clouds. (b) The dense configuration assumes a more uniform occupancy
distribution, using five sub-modules with fixed kernel size and gradually increasing depth to accommodate
consistently high spatial detail.

The sparse model supports a quantization precision of up to L = 12 and is divided into four sub-
modules (Section 4.6), with each sub-module responsible for three octree levels. These sub-modules
use N = [3,6,9,12] blender layers and kernel sizes k = [16, 32, 64, 48] respectively. The total number of
trainable parameters remains below one million, and the memory footprint during decoding does not
exceed 2 KB per point.

The dense model supports a quantization precision of up to L = 10 and is composed of five
sub-modules, each covering two octree levels. Here, the sub-modules use N = [2,4, 6,8, 10| blender
layers with a constant kernel size of k = 64. This configuration results in approximately 1.4 M trainable
parameters, and the memory footprint during decoding remains below 4 KB per point.

5.3. Training Details

Both model variants are trained on single NVIDIA RTX 3090 GPU with 24 GB VRAM for approxi-
mately 30 epochs using the ADAM [40] optimizer, an initial learning rate of 10~* with exponential
decay (0.9), and a dropout rate of 0.01 to mitigate overfitting. The loss function follows Equation (15),
computed over all octree levels and autoregressive groups. The final training accuracies reach about
88% (sparse) and 94% (dense) for occupancy prediction.

5.4. Baseline

We compare MIC-OPCCv2 against representative traditional and neural point cloud geome-
try compression methods, including G-PCCv14 [5], VoxelContextNet [14], SparseVoxelDNN [33],
SparsePCGCv2 [8], UniPCGC [9], RENO [15], EHEM [13], and ECM-OPCC [12]. Methods that are
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either superseded by more recent variants or consistently underperform traditional codecs are omitted.
Furthermore, approaches such as MuSCLE [41], RIDDLE [27], and MLEM-LPCC [42], which rely
on latent feature reconstruction and therefore operate under a different compression paradigm, are
excluded as well to maintain fair comparison.

5.5. Evaluation Metrics
We follow MPEG standard evaluation procedures [38] and report:
*  Bits per point (bpp): average coding cost per point.
¢ D1-PSNR (dB): point-to-point PSNR for geometric reconstruction fidelity.
e D2-PSNR (dB): point-to-plane PSNR for surface reconstruction fidelity.

e  BD-Rate (%): Bjontegaard delta bitrate relative to a reference model [43].
¢  Runtime (s/frame): wall-clock encoding and decoding time.

For sparse compression on SemanticKITTI, we evaluate R-D using:

2
D1-PSNR = 10log;, Mggsym’ (22)
1 N .
MSEsyn = 5 (MSE(P, P) + MSE(P, P)), (23)
where
N 1 . N
MSE(P, P) = 5 ) min|p; — B;I*, (24)
1
and the point-to-plane version uses
N 1 ) .
MSEn (P, P) = 5 ) Smin |n;(pi — p))I* (25)
1

where n; is the normal-vector for p;.
For lossless dense compression, we report BD-Rate relative to G-PCCv14.

6. Results

Figure 10 illustrates the R-D of MIC-OPCCv2 on the SemanticKITTI dataset. With a quan-
tization precision of L = 12, our method achieves a bitrate of 3.42 bpp at a D2-PSNR of 82 dB,
matching ECM-OPCC and thereby approaching the current state-of-the-art for sparse point cloud
geometry compression.

VoxelContextNet, SparsePCGCv2, and ECM-OPCC all employ identical quantization strategies,
allowing direct comparison of their PSNR values. In contrast, RENO and EHEM assume a peak
signal of p = 59.7 and apply different quantization configurations. To ensure a fair evaluation, we
normalize their PSNR values to p = 1 but adopt their quantization configurations accordingly, as
reflected in Table 2. Despite not being trained at these distortion levels, MIC-OPCCv2 consistently
outperforms both RENO and EHEM in R-D. This indicates that our model captures an underlying
geometric representation that generalizes effectively across different resolutions, rather than relying
on quantization-specific fitting.

For dense geometry, evaluated on the 8iVFBv2 dataset, MIC-OPCCv2 attains an average bitrate
of 0.50 bpp, outperforming UniPCGC and ECM-OPCC by a BD-Rate of ~ 1.14% and ~ 11.2%,
respectively, while trailing behind SparseVoxel DNN (see Table 3). However, MIC-OPCCv2 decodes
in approximately 5 seconds, making it ~ 40x faster than SparseVoxelDNN and ~ 4Xx faster than
ECM-OPCC, though still slower than UniPCGC, which reports 0.57 seconds per frame.
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Figure 10. Results of our proposed MIC-OPCC model against state-of-the-art baselines on the SemanticKITTI
dataset. While achieving comparable compression ratios to OctAttention, our model significantly outperforms it
in both encoding and decoding speed.

Table 2. Theoretical computational complexity of three leading point cloud compression architectures and their
corresponding practical decoding times.

Quantization D1-PSNR (dB) b time (s) ours
L=12 p=1 PP el bpp time (s)
ECM-OPCC | P2t | 77.2 3.39 - 3.41 4.0
EHEM | P2t | 60.0 26 0.43 1.99 3.0
RENO LP;&‘PLJ 61.8 2.9 0.05 241 3.6

Table 3. Average compression ratio (bpp) of 8iVFBv2, showing the gain over G-PCCv14 and coding time.

Point Clouds GPCC MIC-OPCCv2 UniPCGC  SparseVoxelDNN ECM-OPCC

Redandblack 0.82 0.57 0.59 0.41 0.66
Loot 0.69 0.48 0.49 0.32 0.55
Thaidancer 0.70 0.50 0.51 0.33 0.58
Boxer 0.65 0.43 0.45 0.30 0.51
Average Bpp 0.72 0.50 0.51 0.34 0.58
Gain 0.0% 30.6% 29.2% 52.8% 19.4%
Enc time(s) 1.99 5.0 0.56 7.2 1.92
Dec time(s) 1.49 5.0 0.57 229 19.5
Test Device i7 RTX3090 RTX4080 RTX3090 RTX3090

While the model achieves competitive or state-of-the-art R-D performance, the observed decoding
latency highlights the need for further implementation-level optimization to fully exploit the theoretical
efficiency of the architecture.

Overall, the results demonstrate that incorporating the autoregressive grouping strategy markedly
enhances the effectiveness of multi-index convolution. MIC-OPCCv2 surpasses every baseline model
in at least one of the two key performance dimensions: bitrate efficiency or decoding speed. This
indicates that the model generalizes well across both sparse and dense point cloud distributions,
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achieving competitive or state-of-the-art R-D. However, the current decoding latency suggests that
additional engineering optimizations are still needed to fully realize the theoretical efficiency of the
proposed architecture.

7. Discussion

The experimental results from Section 6 demonstrate that MIC-OPCCv2 effectively bridges the
gap between sparse convolutional and transformer-based PCGC models. By eliminating the attention
overhead while preserving long-range context through multi-index convolution, the method achieves
a favorable trade-off between R-D and computational efficiency. Moreover, its autoregressive grouping
scheme enables flexible decoding parallelism, bringing it closer to real world application, but yet
struggles with real-time performance due to implementation issues.

We discuss the latency problem by analyzing the theoretical runtime complexity in the following
Section 7.1. Furthermore, in Section 7.2 we demonstrate and illustrate how the perceptive field of
multi-index convolution expands in sparse and dense point clouds differently, to discuss strength
and weakness of our methods, that may leave room for future investigation and improvement. To
quantify the contribution of each proposed component, we present an ablation study in Section 7.3,
demonstrating how voxel-wise prediction, the Blender & Distiller network, and Progressive Grouping
each incrementally improve compression efficiency.

7.1. Runtime Complexity

The key idea of our multi-index convolution is to achieve a large receptive field in three-
dimensional space while maintaining low computational complexity. Table 4 summarizes the theoreti-
cal complexity of transformers, Minkowski convolution, and our proposed multi-index convolution,
alongside their measured decoding times.

Table 4. Theoretical computational complexity of three leading point cloud compression architectures and their
corresponding practical decoding times.

Method Complexity Example Decoding Time (s)
Transformer O (n(3ckw + kw?)) ECM-OPCC 19.5
Minkowski

d .
Convolution o <m(ckw )) UniPCGC 0.57
Multi-Index )
Convolution O(n(ckwi)) MIC-OPCCv2 5.0

It is evident that transformer architectures exhibit the highest computational complexity, making
them the least efficient in this comparison. For each data point n, a transformer requires the com-
putation of the key, value, and query layers, contributing 3ck, as well as the attention matrix with
complexity kw?, where w denotes the window size, ¢ the number of input channels, and k the kernel
size (i.e., number of output channels).

The Minkowski convolution, as defined by Choy. C. et al. [31], generalizes the standard convolu-
tion to sparse domains, with a core complexity of ckw?=3 that scales with the number of query points
m. To maintain equivalence with dense convolutional outputs, the query count m increases across
stacked layers due to the propagation of kernel offsets around each point n:

m:n<1+(L1)w>, (26)

€

where L is the number of layers and € is a correction factor accounting for overlapping receptive
fields. This factor € tends to be smaller for dense point clouds (due to more overlap) and larger for
sparse point clouds.
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In contrast, the theoretical complexity of our multi-index convolution, given by n(ckwi), is
substantially lower than that of Minkowski convolution, since w(i = 4) < w?=3, where i denotes the
number of applied index orders I and n remains constant. However, despite this theoretical advantage,
our current implementation exhibits a runtime roughly ten times slower than sparse Minkowski-based
models. We attribute this discrepancy to non-optimized index reordering operations, which cause
extended GPU idle periods during the rearrangement of feature vectors F across index sets I. Ongoing
optimization efforts aim to minimize these bottlenecks and further improve practical efficiency.

7.2. Perceptive Field

Figure 11 illustrates the theoretical attention score of the spatial receptive field generated by our
multi-index convolution, using a gaussian filter. This visualization demonstrates how the proposed
method effectively bridges large gaps in sparse point clouds, enabling better spatial context under-
standing in samples as in the SemanticKITTI dataset. On the other hand, this method occasionally
extends beyond the object’s convex hull, unintentionally capturing points from the backside. Hence,
the spatial compactness of this method is not guaranteed and intuitively highlights a limitation when
applied to dense or closed-surface geometries as in samples from the MVUB [24] dataset. Nonetheless,
we assume that the learned filters of our model should easily detect the un-similarity between these
far distant voxels and lower their activation score.

Activation Score

(b) (c)

Figure 11. Theoretical activation score of the spatial receptive field generated by our multi-index convolution.
(a) illustrates the receptive field on a sample from the SemanticKITTI dataset. (b) illustrates the receptive field on
a sample from the MVUB dataset.

7.3. Ablation Study

The ablation study in Table 5 disentangles the contributions of the major components introduced
in MIC-OPCCv2. Beginning with the baseline configuration of MIC-OPCCv1, which performs octant-
based occupancy estimation using sub-modules tuned to different octree depths, we progressively
activate the proposed design elements from Section 4 and measure their impact relative to the G-
PCCv14 anchor.

Table 5. Ablation study of the proposed methods from Section 4. All BD-Rates are relative to G-PCCv14.

Method MIC-OPCCv1 MIC-OPCCv2
octet estimation v
voxel estimation v v v v v
Blender & Distiller v v v v
Sequential Grouping v
Progressive Grouping v v
Sub-Modules v v
Gain! 20.2% 21.8% 25.4% 28.1% 28.6% 30.6%
Decoding Time (s) 2.2 2.8 29 54 53 51
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Switching from octant estimation to voxel-wise occupancy estimation yields the first substantial
improvement, increasing the BD-Rate gain from 20.2% to 21.8%. This confirms that predicting
voxel occupancy directly provides a more expressive supervision signal and enables more effective
context modeling.

Introducing the Blender & Distiller architecture leads to a further gain of 25.4%. This demonstrates
the value of multi-scale residual aggregation and the voting-based distillation scheme for stabilizing
predictions across octree levels with varying entropy characteristics.

Adding a Sequential Grouping strategy — similar to conventional autoregressive decoding — pushes
the gain to 28.1%, but also increases decoding time from roughly 3 seconds to over 5 seconds per frame.
This suggests that a naive sequential ordering improves R-D performance but at the expense of latency.

Replacing sequential grouping with the more efficient Progressive Grouping strategy produces com-
parable gain (28.6%), but avoids additional runtime penalties. Progressive grouping leverages partial
parallelism while preserving relevant context among voxel candidates, making it the preferred strategy.

Finally, combining progressive grouping with the Sub-Module design — allocating depth-specific
parameterization across octree levels — yields the full MIC-OPCCv2 model. This configuration achieves
the highest gain of 30.6% while maintaining a decoding time of approximately 5.1 seconds, representing
the best trade-off between compression efficiency and computational cost among all tested variants.

Overall, the ablation study highlights that each proposed component contributes meaningfully to
performance, with the largest gains arising from voxel estimation, the Blender & Distiller architecture,
and the progressive grouping strategy. Their combination enables MIC-OPCCv2 to substantially
outperform the MIC-OPCCv1 baseline while preserving a manageable decoding complexity.

8. Conclusions and Future Work

In this paper, we introduced MIC-OPCCv2, a fast and lightweight neural entropy model for
octree-based point cloud compression. The proposed framework employs a novel multi-index con-
volution mechanism to efficiently extract spatial context features from sparse and dense 3D data,
avoiding the computational cost of transformer or full 3D convolution architectures. By combining
this convolution strategy with the Blender & Distiller network and a semi-autoregressive grouping
mechanism, MIC-OPCCv2 achieves strong R-D performance with significantly reduced decoding
latency and memory footprint.

Experimental evaluations demonstrate that MIC-OPCCv2 surpasses traditional codecs such
as G-PCC and achieves comparable or better compression efficiency than recent neural methods,
including UniPCGC and ECM-OPCC, while decoding up to x4 faster. The model generalizes well
across multiple datasets — handling both sparse LiDAR scans and dense object reconstructions —
confirming its adaptability and robustness to varying data distributions. Furthermore, the modular
nature of MIC-OPCCv2 allows flexible trade-offs between model complexity, memory consumption,
and runtime, making it more suitable for deployment in systems such as autonomous vehicles, robotics,
and 3D mapping.

Despite these promising results, several avenues for future research remain. First, the current
model relies on fixed index permutations for spatial perception; dynamic or learned indexing strategies
could further improve contextual sensitivity and adaptivity to varying geometries. Second, extending
the entropy model to jointly handle geometry and attribute compression (e.g., color, intensity, or
semantic labels) could provide an integrated and unified point cloud codec. Third, incorporating
hardware-aware optimization — such as quantization-aware training or sparse tensor acceleration —
may further enhance real-time decoding. Finally, exploring hybrid probabilistic modeling approaches,
combining multi-index convolution with lightweight attention or diffusion-based priors, could yield
further improvements in compression efficiency and reconstruction fidelity.

In summary, MIC-OPCCv?2 establishes a new balance between compression efficiency, decoding
speed, and computational scalability. It demonstrates that a carefully designed convolutional structure
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can outperform more complex architectures, providing an effective and practical solution for next-
generation 3D data transmission and storage.
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Abbreviations

BAC Binary Arithmetic Coder

BD-Rate Bjontegaard Delta Rate

ECM-OPCC Efficient Context Model for Octree-based Point Cloud Compression

EHEM Efficient Hierarchical Entropy Model for Learned Point Cloud Compression

FOC Fast Octree Coding

G-PCC Geometry-based Point Cloud Compression

MIC-OPCC  Multi-Index Convolution for Octree-based Point Cloud Compression

MLP Multi Layer Perceptron

MPEG Moving Picture Experts Group

MVUB Microsoft’s Voxelized Upper Bodies

NNOC Neural Network Modeling of Probabilities for Coding the Octree Representation of Point Clouds
PCGC Point Cloud Geometry Compression

PSNR Peak Signal to Noise Ratio

R-D Rate-Distortion

RENO Real-Time Neural Compression for 3D LiDAR Point Clouds

RIDDLE Lidar Data Compression with Range Image Deep Delta Encoding

UniPCGC Towards Practical Point Cloud Geometry Compression via an Efficient Unified Approach
V-PCC Video-based Point Cloud Compression
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