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ABSTRACT

Context modeling is fundamental to LiDAR point cloud compression. Existing
methods rely on computationally intensive 3D contexts, such as voxel and octree,
which struggle to balance the compression efficiency and coding speed. In this
work, we propose a neural LIDAR compressor based on 2D context models that
simultaneously supports high-efficiency compression, fast coding, and universal
geometry-intensity compression. The 2D context structure significantly reduces
the coding latency. We further develop a comprehensive context model that in-
tegrates spatial latents, temporal references, and cross-modal camera context in
the 2D domain to enhance the compression performance. Specifically, we first
represent the point cloud as a range image and propose a multi-scale spatial con-
text model to capture the intra-frame dependencies. Furthermore, we design an
optical-flow-based temporal context model for inter-frame prediction. Moreover,
we incorporate a deformable attention module and a context refinement strategy to
predict LiDAR scans from camera images. In addition, we develop a backbone for
joint geometry and intensity compression, which unifies the compression of both
modalities while minimizing redundant computation. Experiments demonstrate
significant improvements in both rate-distortion performance and coding speed.
The code is available at: |https://github.com/rrui-song/RangeCM.

1 INTRODUCTION

LiDAR point cloud, as an effective data structure to represent real-world scenes, has been used in a
wide range of applications such as autonomous driving and robotics (Guo et al.| 2020). The large
volume of LiDAR data creates a strong demand for effective compression algorithms. In recent
years, neural networks have significantly promoted the performance of LiDAR compression. A
common approach is to predict symbols based on previously decoded contextual features. Since the
bitstream length is determined by the cross-entropy between the ground truth and the estimated dis-
tribution, an accurate neural context model can effectively reduce the bitrate in lossless compression.
The context structure is particularly crucial for improving the density estimation accuracy, leading to
the development of various context types (Gao et al., 2025} [Huang et al.,|2020; Wang et al.| 2022a).

Although these learning-based models have greatly improved the rate-distortion performance, the
coding speed remains an issue. State-of-the-art models typically rely on an informative 3D context
to capture detailed local geometric features (Wang et al) 2025a; Wang & Liul, 2022 [Zhou et al.,
2022)). Nevertheless, the heavy computational burden of processing these 3D features results in run-
times that can reach or exceed hundreds of milliseconds, making them impractical for low-latency
applications. For instance, a Velodyne HDL-64E LiDAR can generate point clouds at a rate of
10 frames per second (FPS). On the other hand, although recent works (You et al., |2025) deliver
real-time coding speeds, their compression performance lags behind other state-of-the-art models.
Therefore, reducing the coding latency while preserving high compression efficiency remains an
open challenge. Besides, existing methods typically employ two separate deep neural networks to
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calculate the dedicated context for geometry and intensity compression (Wang et al.l [2025b). We
argue that a single hybrid context can be applied to effectively predict both geometry and intensity,
thereby reducing redundant computation and improving the coding speed.

2D range images provide a more compact and computationally efficient representation of the LIDAR
point cloud. Intuitively, 2D context models can enable faster compression by operating directly on
range-view features. However, extracting features from the range view is challenging due to the lack
of precise 3D local contexts (Fan et al., 2021)), and naively replacing the 3D context model with a
2D backbone causes severe performance degradation. To yield a superior compression ratio, state-
of-the-art range image compression methods opt to use a 3D feature extractor (Zhou et al., 2022}
Wang & Liul 2022)), which in turn compromises the coding speed.

In this work, we propose RangeCM, a fast and efficient 2D context model for LIDAR compres-
sion. It performs probability estimation based on latent features derived from a variational auto-
encoder (VAE), where transforms and context models are built by the 2D convolutional neural net-
work (CNN). By getting rid of computationally expensive 3D operators and directly working on 2D
range-view features, RangeCM achieves much faster inference speed. Meanwhile, RangeCM jointly
predicts geometry and intensity by integrating the context modeling of both attributes, which avoids
recomputing contexts and further accelerates the inference process.

To enhance the compression performance of the 2D context model, we propose a comprehensive
spatio-temporal cross-modal context structure. We first design a multi-scale context for intra-frame
prediction, which decomposes the range image into a sketch map and a detail map. The estima-
tion of details is conditioned on the sketch, which enables a coarse-to-fine next-scale prediction
strategy. For inter-frame prediction, we formulate a temporal context by warping features from the
reference frame to the current frame using a range-view optical flow. Furthermore, as the RGB
camera is often jointly deployed with the LiDAR sensor in autonomous driving and robotic appli-
cations (Yeong et al., [2021]), we develop a cross-modal context that predicts LiDAR features based
on camera images. The camera context is generated using deformable attention (Zhu et al., |2021)),
which adaptively projects camera features onto the range view. In addition, we employ a context
refinement strategy to precisely align LiDAR and camera features under the causality constraint. By
aggregating diverse spatial, temporal, and camera contexts, our 2D context model even outperforms
the 3D counterparts by a large margin.

We evaluate RangeCM on the Waymo Open Dataset (Sun et al., 2020) and the SemanticKITTI
benchmark (Behley et al 2019). Experiments demonstrate that RangeCM achieves significant im-
provements in both rate-distortion performance and coding speed. Compared to the state-of-the-art
geometry compression method (Zhou et al.,[2022), RangeCM yields an average BD-Rate improve-
ment of 14.9% and 3.5 faster speed. Meanwhile, RangeCM reduces the inference latency by more
than 100 compared to the state-of-the-art intensity compression model (Wang et al.,[2025b)), while
maintaining a comparable compression efficiency. Our key contributions are as follows:

* We develop a new paradigm for low-latency LiDAR compression, where all computations
are performed in the 2D domain. The proposed framework achieves state-of-the-art rate-
distortion performance and practical coding speed while supporting both geometry and
intensity compression in a unified manner.

* We propose a comprehensive context model that integrates spatial, temporal, and camera
features for LIDAR compression. To align these distinct features, we devise a multi-scale
context model for intra-frame prediction, a flow-based model for spatio-temporal aggrega-
tion, and a deformable attention module for LiDAR-camera fusion.

* We design a joint compression backbone that predicts LIDAR geometry and intensity based
on a hybrid context, which merges the context modeling of geometry and intensity to im-
prove computational efficiency.

2 RELATED WORK

2.1 POINT CLOUD COMPRESSION

Point clouds possess geometry (i.e., point coordinates) and attribute (e.g., reflecting intensities, RGB
colors, and normals) information. Specialized methods have been developed to compress these two
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feature types respectively. Geometry compression methods encode the orderless point cloud as more
regular data structures, such as octrees (Schnabel & Klein, 2006), voxel grids (Quach et al.} 2019),
and range images (Wang et al. [2022b). The MPEG Geometry-based Point Cloud Compression
(G-PCC) standard (Schwarz et al.| 2018)) follows the octree-based pipeline, where the octree is
encoded by a rule-based context model losslessly. Other octree-based approaches predict the octree
symbol distribution with a learning-based context model (Huang et al., [2020; [Fu et al., [2022; Song
et al., [2023a; Luo et al.| [2024). Voxel-based methods quantize the point cloud into discrete voxels
and predict the occupancy status of each voxel grid with a multi-scale context model (Wang et al.,
2025a;2022a; Nguyen et al.,2021)). Besides, range image is another memory-efficient data structure
to organize the point cloud. State-of-the-art range image compression methods adopt auto-regressive
(Zhou et al.} 2022) or multistage (Wang & Liu, |[2022) context models to encode range values.

Furthermore, geometry compression can be improved by introducing temporal references. Existing
methods mostly build the temporal context by searching for K-nearest neighbors (KNN) in the ref-
erence frame (Biswas et al., |2020; |Song et al., 2023bj |[Wang et al., [2025a; Zhou et al., |[2022). The
symbol distribution is then predicted based on both the spatial and temporal contexts.

Traditional attribute compression methods adopt handcrafted transforms to remove the redundancy
in the signal. For example, G-PCC uses region-adaptive hierarchical transform (RAHT) (De Queiroz
& Choul 2016) and predicting transform (MPEG] |2021b) to analyze attribute features. Recently,
neural networks have been introduced to develop more powerful transforms and context models
(Sheng et al., 2021} Fang et al., 2022} Zhang et al., [2023} |Wang et al.l 2025bj |Zhu et al., |2025).
However, these models need to recompute contextual features for attribute prediction after geometry
compression, which slows down the coding speed.

2.2 LIDAR-CAMERA FUSION

Multi-modal fusion has attracted growing interest in the point cloud compression community. Sev-
eral works introduce depth images as an additional prior (Wang et al., 2024; [Zheng et al.| [2024).
However, the depth images here are only 2D projections of the point cloud, which do not introduce
additional information helpful for enhancing compression. In contrast, camera images present a
more promising modality, because they provide dense semantic features that the original point cloud
lacks (Liu et al.|[2024b)). To the best of our knowledge, there is only one existing work that attempts
to utilize the camera context for point cloud compression (Lin et al.,2023)). This approach first uses
a depth estimation network to lift the image to 3D space, then fuses camera and octree node features
to enhance octree-based point cloud compression. Nonetheless, its performance is limited by the
inaccurate depth estimation and unreliable LIDAR-camera alignment, achieving only marginal im-
provements (e.g., around 2% bitrate reduction compared to the baseline (Fu et al., 2022) at an octree
depth of 10). Therefore, how to effectively utilize the camera context remains an open question.

3 PRELIMINARIES

3.1 RANGE IMAGE

The LiDAR sensor generates a point cloud by emitting H W laser shots along H elevation angles

= f ; ng and W azimuth angles = f q; ; w0. To produce an H W range
image, each point is projected to a unique pixel coordinate (m; n) according to the angles ( m; n)
of the corresponding laser beam. As shown in Fig. [I] a range image pixel records the range value
r, reflected intensity S, and other optional attributes of the corresponding point. The Cartesian
coordinates of the point can be losslessly recovered from the range value by:

X = rj;j COS jCOS j; Yy =rijCoS jsin j; z=rijsin j; (D

where (i;J) denotes the coordinates of the corresponding pixel in the range image. The emission
angles and are fixed and determined by the predefined sensor scanning pattern, which is known
a priori at the receiver. Therefore, the point coordinates can be determined by the scalar range value
r, which is more efficient than transmitting the original 3D Cartesian positions.
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Figure 1: lllustration of range image representation of the LiDAR point cloud.

3.2 CONTEXTUAL VIDEO COMPRESSION

Contextual video compression employs a conditional variational auto-encoder to exploit the tempo-
ral context (Li et al., 2021a; 2024, Jia et al., 2025), which typically consists of previously decoded
frames that are closely related to the current frame (Liu et al., 2024a). Given the decoded reference
frame? and the current frame x, the model extracts an optical ow v to represent the motion be-
tween the two frames. This ow is then encoded by a hyperprior-based image compression model
(Ballé et al., 2018). Subsequently, the feature# afe extracted and warped to the current frame
using the reconstructed optical o The warped features serve as the temporal contexivhich

is fed into transform coding modules and the entropy model. Speci cally, the analysis transform
produces a latent embedding of x based agnasy = ga(Xx; ). The latent vector y is quantized

into ¥ and subsequently encoded byYa conditional context model formulated as:

PUIZ 0= (N( i 2) U(0:50:5) ¢ ); )

1
; =h si(hs(2)he( ) 3)
where 2 is the quantized hyperprior encoded by a fully factorized density mod#), nd
U( 0:5;0:5) denotes a uniform distribution centered at 0 with a width of 1. Besidegs,hh, and
hgt are neural networks that predict distribution parameters based on the hyperprior and temporal
context. Finally, the synthesis transform reconstructs the current frathe gs:(¥; ).

4 COMPREHENSIVE CONTEXT MODELING

4.1 OVERVIEW

RangeCM jointly compresses LiDAR geometry and intensity using a 2D comprehensive context. Its
overall architecture is illustrated in Fig. 2. The continuous range image x = fr; sg is quantized into

R =1 1y 8g, wherertis a multi-scale representation of the range value map,&istthe quantized
intensity map. In particular,=f r*y;r"»g is given by a two-stage quantization as:

M =dr=bic; M= d(r l‘\l):bzc (4)

Here,r; is the sketched range value map, whiileis an enhancement layer, referred to as the detail
map, which conveys more details. The reconstructed range value map is recovered"as- ;.

RangeCM encodes;, 1y, and $ sequentially. It rst adopts a deformable attention module to
generate the basic camera contextbased on the full-precision range imagjerhen, a 2D CNN
is employed to extract spatial features frémThese features, along with the basic camera context

¢, are encoded by a VAE (B&llet al., 2018). The spatial contex§ is derived from the synthesis
transform of the VAE, which aggregates spatial priors and the basic camera context. The temporal
context : is generated by a ow-based model. Subsequently, the distribution of the sketchymap
is estimated based on both, and ;.

Although . is produced by accurate geometry, ne-grained camera features may be lost during the
transform coding of VAE. To overcome this issue, after recovefingve use another deformable
attention module to compute a re ned camera contéxbased on the LiDAR features provided by

r',. Then, the detail map, is predicted using a comprehensive context , which incorporates the
spatial context s, the temporal context, and the re ned camera context. Finally, RangeCM
predicts the intensity mapbased on the diverse context and the geometric featdres
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Figure 2: Architecture of RangeCM. Blue blocks indicate the spatial context model. Green blocks
constitute the temporal context model. Red blocks represent the camera context model (CCM). AT
and ST indicate analysis and synthesis transform. AE/AD stands for arithmetic encoding/decoding.

4.2 CAMERA CONTEXT MODEL

Practical autonomous driving and robotic systems commonly rely on the combined deployment of
LiDAR and RGB cameras for robust perception. LIDAR and cameras provide complementary scene
descriptions: LiDAR offers accurate geometric features, while cameras capture dense semantic in-
formation. These semantics are informative for range value prediction as well. For example, points
from the same semantic instance generally have similar range values. It may be dif cult to distin-
guish whether two points belong to the same instance from the sparse point cloud, while the camera
images provide critical disambiguation. In this work, we assume that camera images are separately
encoded by another image codec and that they have been decoded before LiDAR compression.

The camera context model rst utilizes 2D CNNSs to extract features from the range image and the
camera images, respectively. Then, it adopts deformable attention (Zhu et al., 2021) to align these
two modalities, using LIiDAR features as the query Q and camera features as the key K. For a
speci ¢ query token g (which corresponds to a pixel in the range image), the deformable attention
module adaptively samples N key tokens and computes cross-attention as follows:

Mo ;
Gn = Ui Ajn Vi'KPn+ P jn ) (%)
=1 j=1

where iis the index of the attention head and j is the index of the sampled key. Herg #<®p i, )
represents the'] sampled key token in thé'ihead, where the sampling position is speci ed by the
reference pointpand the learnable offset B, . Besides, Yand \/IT are learnable weights of two
linear layers, while A represents the weights between the query and the sampled key tokens. Both
A and P are predicted based on g using linear layers. Therefore, the functionality of deformable
attention is to dynamically aggregate N sampled camera tokens with the aggregation weights and
sampling positions determined by the LiDAR quegy. &Ve further embed the deformable attention
layer into a Transformer block structure (Vaswani et al., 2017), as shown in Fig. 3.

The reference point.pis a critical parameter in deformable attention, since it directly determines
the correspondence between range-view and camera-view pixels. We calgulegiag the trans-
formation matrix between LIiDAR and camera. For a range image pixel, we lift it to the 3D space
using Eq. (1), and project its 3D coordinates onto the camera coordinate system to gbfaimsp
approach provides deformable attention with an inductive bias to aggregate features from camera
image pixels that are spatially close to the queried range image pixel.

Notably, LIDAR geometry is necessary to generate queries and reference points. Therefore, we can-
not simply perform deformable attention usifgvhich is unavailable at the receiver. To maintain

causality, we must transmit; as side information and computg after the decoding af;. On the
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