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Introduction
This “for information” document describes another branch of learning based point cloud compression via entropy coding of its octree representation. This is in contrast to the learning based architectures that have been recently discussed in MPEG; see m57453 [1] and m57301 [2] for more details. The work being focused on in this document is related to the publications [3, 4]. As we will show in this document, the learning based octree coding is a standalone compression scheme and also acts complementary to the existing learning based architectures. 
Placement in current discussion at MPEG
Current explorations at MPEG looking at learning based method are looking at methods primarily concerned with dense point cloud data up to 11bits. Moreover, these methods only concern themselves with the last few bits and the remaining earlier bits are compressed via simple arithmetic coding or using the GPCC codec. This scheme is unsuitable for high bit-depth data like LiDAR.
In contrast, in this document we want to present another set of methods that focus on high bit-depth point clouds like LiDAR or HD maps, namely learning based octree coding methods. These coding methods can be paired with the other methods (for dense point clouds) to work for high bit depth data. For example, when working with HD maps the last few levels can be compressed via the dense point cloud methods while the octree coding methods can compress all the remaining earlier levels.
Octree entropy coding
Octree coding is a well-known method and is also one coding modes available in GPCC codec. In the simplest terms, the idea is based on the fact that a point cloud can be represented via an octree decomposition tree. A root node encompasses the full space of the point cloud in a bounding box. The space is then equally split in every direction, i.e., x-, y-, and z- directions, leading to eight (8) voxels/children nodes. For each voxel, if there is at least one point, the voxel is marked to be occupied, represented by ‘1’; otherwise, it is marked to be empty, represented by ‘0’. The root voxel node is then described by an occupancy constituting an 8-bit value corresponding to the eight voxels.
For each occupied voxel, its space is further split into eight (8) child voxels; and one then moves to the next level of octree. Based on the occupancy of the child voxels, the current voxel is further represented by a 8-bit value. This splitting of occupied voxels continues until the last octree depth level. The (locations of the) leaves of the octree finally represent the points of the point cloud.
On encoder side, the octree nodes (node values) are typically sent to an entropy coder to generate a bitstream. A decoder then uses the decoded octree node values to reconstruct the octree structure, and finally reconstruct a point cloud based on the leaf nodes of the octree structure. To efficiently entropy code the octree nodes, a probability distribution model is typically utilized to allocate a shorter symbol for octree node values with appearing with higher probability. Context dependent entropy coder can also be used to achieve even better compression performance. 
Learning based octree entropy coding
Deep entropy models refer to a category of learning-based approaches that attempt to formulate a context-aware conditional model using a neural network module to predict an underlying probability distribution. Recently, some deep entropy models have been proposed for octree coding [3, 4, 5] which can be categorized under two heads: point based deep entropy models, and voxel based deep entropy models.
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Figure 1. Prior art: OctSqueeze (figure taken from the paper)
Point based deep entropy model
[bookmark: _Hlk84346936]One deep entropy model is known as OctSqueeze [3] in Fig. 1. It utilizes hierarchical information by using features from the ancestor nodes including a parent node, a grandparent node, etc. The model consists of three MLP-based modules. A first MLP module takes the context of the current node as input, and generate an output feature. The context of the node includes its location, octant, level, and the occupancy of its parent. A second MLP module generates an output feature by taking the outputted feature of two such first MLP modules; one from the current octree level and the other from the previous octree level. A last third MLP module takes the outputted feature of two such second MLP modules, one from the current octree depth level and the other from the previous octree depth level. Finally, the third MLP module generates a predicted probability distribution.
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Figure 2. Prior art: VoxelContextNet. Figure taken from the paper.
Voxel based deep entropy model
The OctSqueeze model suffers some drawbacks: (1) they only exploit context information from ancestor nodes ignoring strong prior information between spatially neighbouring nodes at the same depth level. (2) their work does not consider the distortion introduced in the octree construction procedure. To overcome these Another deep entropy model is known as VoxelContextNet [21] in Fig. 2. Different from OctSqueeze that uses ancestor nodes, VoxelContextNet employs an approach using spatial neighbor voxels to first analyze the local surface shape then predict the probability distribution.
The OctSqueeze model suffers some drawbacks: (1) they only exploit context information from ancestor nodes ignoring strong prior information between spatially neighboring nodes at the same depth level, (2) due to dependence on ancestral features the computational graph is very complex, (3) their work does not consider the distortion introduced in the octree construction procedure. To overcome these shortcomings, another deep entropy model known as VoxelContextNet (VCN) [4] was proposed as shown in Fig. 2. In contrast to OctSqueeze, VCN employs voxelized representation of the point cloud at each level. For each node at each level, VCN extracts the local neighborhood around each node from the voxelized version of the point cloud at that level. This voxelized representation is more efficient at using spatial neighbor voxels and is also amenable to 3D convolutions which can be used to analyze the local neighborhood surface to predict the probability distribution. The network used by VCN for prediction of probability distribution is shown in Fig. 3a and is trained via the cross-entropy loss.
In addition to utilizing the voxel context, VCN also proposes a method to refine the coordinates after the octree has been decoded, dubbed the coordinate refinement module (CRM). The CRM module aims to learn an additive offset/displacement for each decoded point depending on its context. This module is trained using the MSE loss between the ground truth point and the displaced point. The architecture is very similar to probability prediction network with the only major difference being the network outputting an offset instead of a probability distribution.
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Figure 3. VCN network architecture for (a) probability prediction and (b) CRM. Figure taken from the paper.
A new point based deep entropy model: PointContextNet
The advantage of VCN comes from constructing the local neighborhood but it is apparent that the local voxelized neighborhood is sparse and mostly empty; specially at deeper levels. This means that the voxelized neighborhood has high memory complexity, which gets worse as the size of the neighborhood increases. To this end, we propose a new point based entropy model, PointContextNet (PCN), which enjoys the best of both worlds; low computational and memory complexity. It has also been observed in the literature that 3D convolution based architecture is good for repeatable patterns in the 3D space but it misses the intricate details within the scene [6, 7].
We construct a local normalized point neighborhood by using the normalized locations of the points in the local neighborhood (rather than the voxelized representation). We normalize the points in the local neighborhood by the node size at that level. This point locations in the normalized point neighborhood correspond exactly to the locations of only the occupied voxels in the voxel context from VCN. The work in the earlier point based deep entropy model (OctSqueeze) used MLP modules as building blocks of their network. However, we recognize that just using MLPs is too naïve and thus propose a network architecture based on PointNet++ [8]; see Fig. 4 for an example.
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Figure 4. Network architecture for proposed PointContextNet
Experimental evaluation
We now present results from the VCN and from some of our own experiments. We mainly focus on two LiDAR datasets: Kitti dataset and Ford sequences from MPEG CTC.
First, let us look at the results reported in [4] comparing VCN, Octsqueeze and GPCC evaluated for Kitti dataset. The train and test split is specified by the dataset specifications. One can see that the VCN method provides gains on both OctSqueeze and GPCC codec.
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Figure 5. Performance evaluation from VCN paper.
For our own experiments, we try to reproduce the results of VCN and add our own proposed method to the experiments, as shown in Fig. 6.
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