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6. Theoretical Analysis
6.1. Proof of Equivalence between Channel-wise

and Spatial Auto-regressive Models
Theorem 1. Auto-regressive prediction on the 8 channels
(bits) of an occupancy code is information-theoretically
equivalent to an auto-regressive prediction on the corre-
sponding 8 sub-voxels in space.

Proof. Let l denote a coarse scale and l + 1 a finer scale in
the voxel hierarchy. A single parent voxel at scale l, located
at coordinate v(l) ∈ Z3, corresponds to a 2× 2× 2 block of
8 child voxels at scale l+1. The coordinate of a child voxel
is given by v

(l+1)
δ = 2v(l)+δ, where the offset δ ∈ {0, 1}3.

Let O(v(l+1)) ∈ {0, 1} be the binary occupancy state
of a voxel at scale l + 1. The 8-bit occupancy code for the
parent voxel v(l), denoted as o(v(l)), encapsulates the occu-
pancy states of its 8 children. We can define a fixed mapping
(e.g., lexicographical or Morton order) π : {0, 1, . . . , 7} →
{0, 1}3 that links a bit index k to a spatial offset δ. The k-th
bit of the occupancy code is thus defined as:

ok(v
(l)) = O(v

(l+1)
π(k) ). (1)

A spatial auto-regressive model at fine scale l+ 1 fac-
torizes the joint probability of the 8 child voxels’ occupancy
as a product of conditional probabilities, following the order
defined by π:

P ({O(l+1)
k }7k=0|C) =

7∏
k=0

P (O
(l+1)
k |{O(l+1)

j }j<k, C),

(2)
where C represents the external context derived from scale l
and neighboring voxels, and we use the shorthand O

(l+1)
k ≡

O(v
(l+1)
π(k) ).

A channel-wise auto-regressive model at coarse scale
l similarly factorizes the probability of the 8-bit occupancy
code:

P (o(v(l))|C) =
7∏

k=0

P (ok(v
(l))|{oj(v(l))}j<k, C). (3)

By substituting Equation (1) into Equation (3), we can
directly observe that the channel-wise model becomes iden-
tical to the spatial model in Equation (2). The set of
previously decoded bits {oj(v(l))}j<k provides the exact
same information as the set of previously decoded voxels
{O(v

(l+1)
π(j) )}j<k. Therefore, the two modeling approaches

are mathematically equivalent. All predictive operations for

the local 2 × 2 × 2 block can be performed in the channel
dimension of the occupancy code.

6.2. Proof of Effective Receptive Field Expansion
under Sparse Convolutions

Theorem 2. A sparse convolution with a kernel of size k
over the occupancy code space (scale l) achieves an effec-
tive receptive field equivalent to that of a sparse convolution
with a kernel of size 2k applied directly on the finer voxel
space (scale l + 1).

Proof. This analysis is particularly critical in the context
of sparse point clouds, where submanifold sparse convolu-
tions are employed. Unlike dense convolutions where the
receptive field expands predictably (e.g., two stacked 3× 3
kernels have a 5 × 5 field), submanifold convolutions only
propagate information between active sites (occupied vox-
els). In highly sparse scenarios, this can severely restrict
information flow, making the effective receptive field much
smaller than the theoretical kernel size would suggest. Our
proof demonstrates how operating on the occupancy code
space mitigates this issue.

For clarity, we analyze a 1D convolution, which gener-
alizes to 3D. Consider a sparse convolution with a kernel of
size k applied to features associated with occupancy codes
at scale l. An output feature at an active site is computed
from a neighborhood of up to k active input sites. Let the
spatial coordinates of k such active parent voxels at scale l
along an axis be x, x+ 1, . . . , x+ k − 1.

The distance between the centers of the two extreme vox-
els in this neighborhood is (x+k−1)−x = k−1. Each of
these parent voxels at scale l maps to a pair of child voxels
at scale l + 1. For a parent at coordinate x, its children are
at coordinates 2x and 2x+ 1.

The receptive field in the finer voxel space (scale l +
1) is the set of all child voxels corresponding to the parent
voxels in the kernel’s neighborhood. The first parent voxel
at x corresponds to child voxels at {2x, 2x + 1}. The last
parent voxel at x + k − 1 corresponds to child voxels at
{2(x+ k − 1), 2(x+ k − 1) + 1}.

The total span of the receptive field is the maximum
possible distance between any two child voxels within this
span. This is realized between a child from the first parent
voxel and a child from the last. Let their coordinates be sfirst
and slast.

sfirst = 2x+ δfirst, (4)
slast = 2(x+ k − 1) + δlast, (5)
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Figure 1. Illustration of our context model in 2D, highlighting its distinction from prior works. The principles shown are directly general-
izable to 3D.
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Figure 2. Illustration of the detailed architecture of UCM.

where δ ∈ {0, 1}. The distance is |slast − sfirst| = |2(x +
k − 1) + δlast − (2x+ δfirst)| = |2k − 2 + δlast − δfirst|.

To maximize this distance, we set δlast = 1 and δfirst = 0.
The maximum distance is:

Dmax = 2k − 2 + 1− 0 = 2k − 1. (6)

Thus, a sparse convolution with kernel size k at the
coarse scale l can connect features that are up to 2k − 1
voxels apart at the fine scale l + 1. A direct convolution at
the fine scale would require a kernel of size 2k to achieve
the same span (2k − 1), which confirms the theorem. This
demonstrates a crucial advantage: by operating on the rela-
tively denser occupancy code representation, our model can
establish long-range dependencies that would be broken by
extreme sparsity in a direct voxel-level sparse convolution,
thereby ensuring a more robust contextual range.

7. Implementation Details
7.1. Lossless Compression
Building upon the introduction of our Universal Context
Model (UCM) and Instance-Adaptive Fine-Tuning (IAFT)
strategy in the main paper, this section expands on our
method. We provide the example of context model in Figure
1 and the detailed component architectures of our UCM in
Figure 2 for reference. The main purpose of this section is
to offer a detailed comparison of the UCM’s context model
against prior works. To facilitate this analysis, we present
all comparisons in a consistent 2D setting at the same spa-
tial scale, where a 2 × 2 block represents the sub-voxels
of an occupancy code. The fundamental advantage of our

approach is its operation at occupancy code scale, which
grants both greater efficiency and a larger receptive field,
as illustrated in Figure 2 of the main text. The following
analysis will demonstrate this key distinction.
• RENO [18] partitions the channels of each occupancy

code into two groups for autoregressive processing. Con-
sequently, it overlooks the coarse-grained spatial priors at
the occupancy code scale while also lacking any interac-
tion of neighboring information between the two groups.
These limitations severely restrict its compression effi-
ciency.

• SparsePCGC [12] implements spatial grouping at the
voxel level. It shares a key limitation with RENO’s
channel grouping: both methods exclusively capture fine-
grained priors and fail to incorporate coarse-grained spa-
tial information. A further drawback is that its operation
at the voxel scale results in a smaller receptive field com-
pared to RENO.

• UniPCGC [15] extends SparsePCGC by introducing a
non-uniform grouping strategy. It reorganizes and further
subdivides SparsePCGC’s first group (in the figure, split-
ting the first group into two new, smaller groups). This
design introduces a strong inductive bias: it assumes that
the first group provides sufficient contextual priors, and
that a more fine-grained modeling of it will yield perfor-
mance gains. This strategy is effective for uniformly dis-
tributed point clouds but fails to generalize to the major-
ity of real-world point clouds, which have highly irregular
distributions.

• AnyPcc operates at the occupancy code scale to lever-
age a more comprehensive context. It is uniquely de-
signed to integrate both fine-grained channel priors (intra-
occupancy-code) and coarse-grained spatial priors (inter-
occupancy-code), as illustrated in the Figure 1. The
model first encodes initial groups {1, 2} which build a
coarse-grained representation of the local geometry. This
representation then serves as a rich spatial prior for en-
coding the subsequent groups {3, 4}. Concurrently, de-
pendencies within the groups (e.g., group 2 referencing 1,
and 4 referencing 3) capture the fine-grained channel pri-
ors. By holistically integrating both types of dependen-
cies, AnyPcc achieves consistently robust performance
across point clouds of all types and densities.



Table 1. IImplementation details for our model configuration, training, and compression strategies.

Model Configuration (Lossless Path)

Feature Channels C 64
Convolution Kernel Size 5
Core Blocks Target-Net/Prior-Net blocks for prior and target feature processing
Prediction Head MLP Arch. C → 32 → 32 → 16
Grouping Strategy 2-Stage Spatial Grouping & 2-Stage Channel Grouping

Model Configuration (Lossy Path)

Feature Channels C 64
Convolution Kernel Size 5
Core Blocks Target-Net/Prior-Net blocks for prior and target feature processing
Prediction Head MLP Arch. C → 32 → 32 → 256
Grouping Strategy Single-Grouping
Strategy Top-k Occupancy Prediction
Configuration Parameter --lossy top layers N = (1, 2, 3)
Mechanism Switches to the lossy model for the N finest-resolution layers.

Ours Model Pre-training Hyperparameters

Optimizer Adam
Initial Learning Rate 5e-4
Learning Rate Schedule Decays by a factor of 0.1 at steps 100k and 150k
Total Training Steps 170,000
Batch Size 1
Dataset Sampling Weighted Random Sampling
Sampling Weights KITTI: 2.5, 8iVFB: 2.5, GS: 2.0, ScanNet: 1.0, Ford: 1.0, Thuman: 1.0

Instance-Adaptive Fine-Tuning (IAFT) Hyperparameters

Tunable Modules All nn.Linear layers within the four prediction heads
Optimizer Adam
Learning Rate 4e-3
LR Scheduler None
Fine-tuning Iterations 200
Loss Function BPP (Cross-Entropy) + L1 Regularization
L1 Regularization λ 4e-4

7.2. Lossy Compression
In this section, we provide further details on our lossy com-
pression strategy. Our multi-scale representation facilitates
a straightforward approach to lossy compression. In a loss-
less layer, the bitrate Rlossless is determined by the entropy
of the ground-truth occupancy codes ogt given the predicted
probabilities:

Rlossless =
∑
i

− log2 P (oi = oi,gt | Contexti). (7)

A naive lossy approach could simply omit this entropy cod-
ing for higher-resolution layers. This approach is well-
suited for sparse point clouds. However, this approach leads
to a significant loss of points from the point cloud, resulting
in a substantial drop in PSNR.

To address this, we adopt a more sophisticated strategy.
Instead of transmitting entropy-coded symbols for the des-
ignated lossy layers, our encoder transmits only the ground-
truth point count [12], k = |Pgt|. The decoder’s task is then
to predict the k most probable occupied locations from the
set of all candidate locations Ccand. This process achieves ef-
fective lossy compression while preserving the correct point
count. A critical design choice for this is the context model.
Our full, lossless models employs a multi-stage prediction
scheme, which can lead to error accumulation in a lossy de-
coding scenario. Therefore, we deliberately switch to the
more robust, single-stage model for the lossy layers. The
lossy decoding process proceeds as follows. For each can-
didate location ci ∈ Ccand, the baseline model predicts a full
probability distribution Pi over the 256 possible occupancy



Table 2. Detailed description of the train dataset.

Dataset Bit-Depth Frames / Seq Total Frames Cond. OOD Avg. Points Seq*

8iVFB 10-bit 300 600 Easy ✗ 954807 Longdress Soldier
MVUB 10-bit / 941 Easy ✗ 1339529 Andrew David Sarah

Thuman2.0 10-bit / 500 Easy ✗ 497907 0000-0499
ScanNet 2cm / 1513 Easy ✗ 147977 Scan
KITTI 1mm / 23201 Easy ✗ 122780 00-10
Ford 1mm 1500 1500 Easy ✗ 82627 01

GausPcc-1K 1mm / 1000 Medium ✗ 431165 -
* Seq refers to the specific sequence used in the train, and - means that all sequences of the data set are used.

codes.
1. Occupancy Probability Estimation: First, we compute

the probability that each location is occupied by sum-
ming the probabilities of all non-zero outcomes:

pocc
i =

255∑
v=1

Pi(o = v) = 1− Pi(o = 0). (8)

2. Location Selection: The decoder identifies the set of
indices Idec corresponding to the k locations with the
highest occupancy probabilities:

Idec = Top-K-Indices({pocc
i }i∈Ccand , k). (9)

3. Value Prediction: For each selected location cj where
j ∈ Idec, the final occupancy code ôj is predicted by
selecting the most likely non-zero value:

ôj = argmax
v∈{1,...,255}

Pj(o = v). (10)

The final decoded point cloud for the layer is the set of
predicted pairs {(cj , ôj)}j∈Idec . Since this prediction is
based on model probabilities rather than ground-truth data,
it naturally introduces loss while maintaining geometric
structure. This hybrid approach effectively mitigates catas-
trophic point loss in dense regions and enables a control-
lable, high-performance lossy compression mode.

8. AnyPcc Benchmark Dataset
8.1. Trainset

Training Datasets. Our training data is comprehensive,
incorporating a variety of sources to ensure broad cover-
age. Specifically, we include standard benchmarks widely
used in the Point Cloud Compression (PCC) community,
such as 8iVFB, MVUB, ScanNet, KITTI, and Ford. To
further enrich our training diversity, we supplement these
with the Thuman and GausPcc-1K [16] datasets. Ad-
ditionally, we incorporate the Frog, Head, Egyptian,
and ULB datasets, which are recommended by the MPEG

AI-PCC group for training purposes. All training sets are
first quantized according to the precisions specified in Ta-
ble 3. Additionally, the KITTI and Ford datasets undergo
a second quantization step where the resulting integer coor-
dinates are further scaled by a factor of Q=4.

Training Strategy. The prevailing paradigm in Point
Cloud Compression (PCC) involves training models that are
specialized for distinct data categories. For a fair compar-
ison with existing methods, we first follow this standard
practice by training a series of specialized models, one
for each data category. However, a primary objective of
AnyPcc is to develop a single, universal compressor that
performs robustly across arbitrary point clouds. To this end,
we also pursue a second strategy: training a single unified
model on a large-scale, composite dataset. This dataset is
constructed by sampling from multiple sources with the fol-
lowing rates: 8iVFB and MVUB (2.5, collectively referred
to as 8iVFB for brevity), Thuman (1.0), ScanNet (1.0),
Ford (1.0), KITTI (2.5), and GS (2.0). This unified ap-
proach facilitates a rigorous evaluation of our model’s gen-
eralization capabilities. To ensure a fair assessment, all
training sequences are strictly disjoint from our test set, as
detailed in Table 3.

8.2. Testset
As detailed in Table 3, we provide a comprehensive anal-
ysis of the datasets used in our evaluation. We distin-
guish these datasets as either Out-of-Distribution (OOD) or
In-Distribution (ID). A dataset is considered OOD if our
model was not exposed to semantically similar data dur-
ing training. In our benchmark, this includes GS, VGGT,
S3DIS, RS, and Random. Conversely, a dataset is consid-
ered ID when the test data is of the same type as the train-
ing data. For instance, for KITTI, we train on sequences
00-10 and test on the first 100 frames of sequences 11-21.
Based on characteristics such as point distribution, bit-depth
or quantization step, and scale, we categorize all datasets
into three levels of compression difficulty. For the KITTI
and Ford sequences, we employ a two-step quantization
process. First, the original coordinates are quantized to a



Table 3. Detailed description of the test dataset.

Dataset Bit-Depth Frames / Seq Total Frames Cond. OOD Avg. Points Seq*

8iVFB 10-bit 300 600 Easy ✗ 760375 Loot Red
MVUB 10-bit / 461 Easy ✗ 1259792 Phil Ricardo
Owlii 11-bit 600 2400 Easy ✗ 2635971 -

Thuman 10-bit / 20 Easy ✗ 441319 0500-0519
ScanNet 2cm 100 100 Easy ✗ 126760 scan test
KITTI 1mm 100 1100 Easy ✗ 119826 11-21
Ford 1mm 100 200 Easy ✗ 83061 02-03

Dense vox12 12-bit / 2 Medium ✗ 3222415 -
Sparse vox12 12-bit / 3 Medium ✗ 996846 -

GS 1mm / 13 Medium ✗ 288413 -
VGGT 1mm / 50 Medium ✓ 257467 -
S3DIS 16-bit / 1 Medium ✓ 47062002 Stanford Area 2

RS 10-12bit / 16 Hard ✓ 1058013 -
NS 10-12bit / 15 Hard ✓ 1670503 -
CS 10-12bit / 14 Hard ✓ 1531537 -

* Seq refers to the specific sequence used in the test, and - means that all sequences of the data set are used.

1mm precision by dividing them by 0.001. Second, these
integer coordinates are further scaled by a quantization pa-
rameter Q=16, a setting aligned with previous work [18],
before lossless compression. For all other datasets, this sec-
ond scaling step is omitted (i.e., Q=1).

Easy Difficulty Datasets. This category includes sev-
eral benchmarks widely adopted in the PCC commu-
nity: 8iVFB, MVUB, Owlii, ScanNet, KITTI, and
Ford. These datasets predominantly feature either dense
or sparse distributions. This allows learning-based methods
to achieve strong performance by specializing in a specific
data distribution. We also include Thuman, a mesh dataset
that we converted to 10-bit point clouds through sampling
and quantization. Given its distribution similarity to other
human-centric datasets, we classify its compression diffi-
culty as easy.

Medium Difficulty Datasets. This group comprises
datasets with greater scale and complexity. Dense-vox12
and Sparse-vox12 are standard test sets defined by
MPEG AI-PCC group. Additionally, S3DIS is a large-
scale indoor scene dataset with point counts reaching tens
of millions. The higher point counts and bit-depth of these
datasets justify their classification as medium difficulty.
Furthermore, we introduce two specialized datasets into this
category. The first is our custom VGGT dataset, generated
by reconstructing point clouds from 50 multi-view images
(resized to 518x518) using the VGGT [14] algorithm. The
second is the Gaussian Splatting (GS) dataset, which is cre-
ated by extracting geometric coordinates from a pre-trained
3DGS model, following the methodology in [7] and [16].
Both VGGT and GS point clouds exhibit a unique character-

istic of being locally dense yet globally sparse, distinguish-
ing them from conventional datasets and thus warranting a
medium difficulty rating.

Hard Difficulty Datasets. To evaluate the robust-
ness of Point Cloud Compression (PCC) algorithms un-
der challenging conditions, we systematically construct
three distinct datasets by applying controlled perturbations
to source point clouds from the 8iVFB, Owlii, and
Dense-vox12 collections. These datasets, designated as
Random Sampling (RS), Noise-added (NS), and Complex
Sinusoidal (CS), are designed to disrupt the intrinsic struc-
tural regularities of point clouds. They serve as out-of-
distribution (OOD) benchmarks to probe the generalization
capabilities of PCC models and simulate real-world corrup-
tions like sensor noise, packet loss, or non-rigid deforma-
tions.
• Random Sampling (RS). The RS dataset is generated via

a spatially-dependent probabilistic downsampling. For
each point pi = (xi, yi, zi) in the original cloud Pori,
we first normalize its coordinates to a unit cube [0, 1]3

based on the cloud’s bounding box, yielding p̂i. A reten-
tion probability P (p̂i) is then computed using a compos-
ite trigonometric function:

P (p̂i) =
1

6

(
sin(2πfxx̂i + ϕx)

+ cos(2πfy ŷi + ϕy)

+ sin(2πfz ẑi + ϕz) + 3

)
,

(11)

where {fx, fy, fz} are frequency parameters and



Table 4. Performance comparison with SparsePCGC-U and RENO-U. The table presents the compression performance of AnyPcc against
2 methods across 7 datasets, with the best and second-best results highlighted in red and yellow cells.

Dataset RENO RENO-U SparsePCGC SparsePCGC-U Ours Ours-U GPCC

8iVFB 0.70 0.76 0.57 0.58 0.54 0.57 0.76
MVUB 1.00 1.07 0.69 0.73 0.67 0.75 0.94
Owlii 0.59 0.61 0.48 0.49 0.47 0.47 0.59

Thuman 1.64 1.72 1.70 1.63 1.58 1.64 2.00
ScanNet 2.15 2.26 1.86 1.90 1.83 1.88 2.03
KITTI 7.06 7.36 6.80 7.43 6.18 6.45 8.17
Ford 9.38 9.60 9.77 10.20 8.40 8.57 10.32

Gain over GPCC -5.17% -0.10% -16.48% -13.96% -21.76% -18.45% 0.00%
Enc/Dec Times 0.19/0.20 2.2/2.1 0.39/0.40 3.3/2.4

{ϕx, ϕy, ϕz} are phase shifts. A point is retained if a
random variable ri ∼ U(0, 1) satisfies ri ≤ P (p̂i).
This process introduces non-uniform density variations,
creating a sparsely sampled point cloud PRS.

• Noise-added (NS). The NS dataset is formed by cor-
rupting point coordinates with Additive White Gaussian
Noise (AWGN). The noise variance is adaptively scaled
with the point cloud’s spatial extent. The transformation
for each point pi ∈ Pori is:

p′
i = pi + ϵi, where ϵi ∼ N

(
0, σ2I3

)
. (12)

The standard deviation σ is proportional to the diagonal
length of the original cloud’s axis-aligned bounding box
(AABB), controlled by a ratio parameter γ:

σ = γ · ∥pmax − pmin∥2. (13)

Crucially, following the noise injection, the coordinates
of the resulting points are rounded to the nearest inte-
gers, and any duplicate points are removed. This simu-
lates sensor quantization effects. The final point cloud is
thus PNS = Unique(Round({p′

i})).
• Complex Sinusoidal (CS). The CS dataset is created by

applying a non-rigid deformation. This transformation,
Tdeform, first normalizes the input cloud Pori to a unit cube,
applies a sinusoidal deformation, and then rescales the re-
sult to the original bounding box dimensions. The core
deformation is a composition of radial and per-axis sinu-
soidal scaling functions:

PCS = Tdeform(Pori, α), (14)
where p′ = Scoord ◦ Sradial(p̂), (15)

and Sradial(p̂) = p̂ · (1 + α sin(5π∥p̂∥2)). (16)

Here, p̂ is a normalized point, α controls the deformation
degree, and Scoord represents a per-axis sinusoidal scal-
ing. The resulting datasets, with their deliberately de-

graded and less predictable structures, present a signifi-
cant challenge to existing compression algorithms, thus
serving as robust benchmarks for evaluating model gen-
eralization under adverse conditions.

Summary. To our knowledge, we establish the most
comprehensive benchmark for point cloud compression to
date, designed to rigorously evaluate algorithms on two crit-
ical axes: generalization and stability. To assess general-
ization, our benchmark incorporates a wide data spectrum,
ranging from standard objects and scenes to LiDAR scans
and challenging point clouds from modern pipelines such as
feed-forward reconstruction (VGGT) and neural representa-
tions (GS). For stability, we introduce demanding datasets
with procedurally generated corruptions that stress-test al-
gorithmic robustness against real-world imperfections. By
systematically evaluating performance in these extensive
scenarios, our benchmark aims to guide future research to-
ward developing more versatile and resilient compression
solutions.

9. More Experimental Results
9.1. Lossless Compression

Comparison with SparsePCGC-U and RENO-U. To
facilitate a comparison with Unicorn-U [13], we conduct
experiments using our unified training dataset. Since
Unicorn is not yet open-source, we use its predecessor
SparsePCGC [12] as our primary baseline. We retrain both
RENO [18] and SparsePCGC [12] on our unified dataset,
denoting these versions as RENO-U and SparsePCGC-U,
respectively. The results are presented in Table 4, under
strictly aligned training and testing conditions for all meth-
ods. The comparison is conducted on seven datasets where
AnyPcc is evaluated without its Instance-Adaptive Fine-
Tuning (IAFT) module to ensure a fair and direct compari-
son of the base models.



Table 5. Performance comparison on the dense point cloud Benchmark. The table presents the compression performance of AnyPcc against
eleven methods across 2 datasets, with the best and second-best results highlighted in red and yellow cells.

MPEG 8i MVUB MetricsMethod Loot ×300 Red&black ×300 Boxer ×1 Thaidancer ×1 Phil ×245 Ricardo ×216 Ours-CR Gain

Non-Learning

GPCC v23 [1] 0.82 0.69 0.65 0.70 0.96 0.89 -28.42%

Octree-Based

OctAttention [3] 0.62 0.73 0.59 0.65 0.79 0.72 -18.54%
ECM-OPCC [6] 0.55 0.66 0.51 0.58 0.76 0.69 -10.71%

EHEM [11] 0.58 0.69 0.55 0.62 / / -17.37%
TopNet [17] 0.53 0.65 0.51 0.65 0.73 0.64 -9.67%

INR-Based

LINR-PCGC [5] 0.57 0.69 / / 0.84 0.80 -16.74%
LINR-PCGC-2 [5] 0.52 0.63 / / 0.77 0.71 -8.25%

Voxel-Based

VoxelDNN [10] 0.58 0.67 0.55 0.58 0.76 0.69 -12.73%
MsVoxelDNN [9] 0.73 0.87 0.70 0.85 1.02 0.95 -34.60%
UniPCGC [15] 0.49 0.59 0.45 0.51 0.80 0.73 -4.85%

SparsePCGC [12] 0.53 0.64 0.49 0.56 0.71 0.65 -6.55%
Unicorn [13] 0.53 0.64 0.49 0.56 0.71 0.65 -6.55%
RENO [18] 0.65 0.77 0.61 0.69 1.03 0.97 -28.26%

AnyPcc (Ours) 0.48 0.59 0.44 0.51 0.70 0.64 0.00%
AnyPcc-U (Ours-U) 0.52 0.62 0.48 0.54 0.78 0.72 -7.96%

Our results indicate that SparsePCGC-U exhibits more
stable performance on object point clouds. We attribute
this to SparsePCGC’s use of a spatial auto-regressive eight-
group context, which introduces a strong inductive bias
well-suited for dense object data. In contrast, AnyPcc-
U employs a four-group context that combines spatial and
channel information, resulting in a weaker inductive bias
and consequently superior performance in sparser scenar-
ios. As discussed in Sec. 9.3, AnyPcc can be config-
ured with additional spatial and channel groups to intro-
duce a stronger inductive bias if needed. Furthermore,
AnyPcc features a lightweight architecture, achieving over
a 5x speedup in both encoding and decoding compared to
SparsePCGC, while also delivering better performance.

In summary, training on a unified dataset leads to a slight
degradation in performance on specific datasets, an obser-
vation consistent with the findings for Unicorn-U. However,
this approach significantly enhances the model’s general-
ization capabilities, which is a crucial step towards univer-
sal point cloud compression. Nevertheless, pre-training on
large-scale data alone is insufficient for robust generaliza-
tion to out-of-distribution (OOD) data, underscoring the ne-
cessity of the IAFT strategy proposed in this work.

Comparison in Dense Point Cloud Benchmark. To
ensure a fair comparison with leading methods such as
OctAttention [3], VoxelDNN [10], UniPCGC [15], and
SparsePCGC [12] on human point clouds, we evaluate our
method under their specific training and testing protocols,
with results presented in Table 5. This protocol involves
training on 10-bit versions of Soldier and Longdress
from the 8iVFB [2] dataset, and Andrew, David, and
Sarah from the MVUB [8] dataset. The evaluation is per-
formed on the Loot, Redandblack, Phil, Ricardo,
Boxer, and Thaidancer sequences. Our comprehen-
sive benchmark results are detailed in Table 5. We compare
against a wide range of baselines: the traditional method
GPCC v23 [1]; voxel-based deep learning methods includ-
ing UniPCGC [15], SparsePCGC [12], RENO [18], Vox-
elDNN [10], and MsVoxelDNN [9]; octree-based meth-
ods like OctAttention [3], ECM-OPCC [6], EHEM [11],
and TopNet [17]; and implicit compression methods such
as LINR-PCGC [5] and LINR-PCGC-2 [5]. For human
point cloud compression, Unicorn [13] employs the same
methodology as SparsePCGC. Since Unicorn is not open-
source, we report the performance of this method using
the official SparsePCGC implementation. Note that LINR-



Table 6. Lossy Compression performance comparison on the AnyPcc Benchmark. The table presents the compression performance of
AnyPcc against six methods across 8 † diverse datasets using BD-Rate. The best and second-best results highlighted in red and yellow
cells.

Dataset OOD RENO SparsePCGC Unicorn* OctAttention TopNet GPCC Ours Ours-U

8iVFB ✗ / -20.29% -20.29% / / -94.39% 0.00% -10.54%
MVUB ✗ / -16.00% -16.00% / / -93.61% 0.00% -12.13%
Owlii ✗ / -23.70% -23.70% / / -93.76% 0.00% -11.75%

Thuman ✗ / -54.89% -54.89% / / -91.41% 0.00% -16.54%
ScanNet ✗ / -82.15% -37.34% / / -81.57% 0.00% -2.96%

Ours BD-Rate Gains / -39.41% -30.44% / / -90.95% 0.00% -10.78%

KITTI ✗ -12.87% -4.49% -3.62% -10.17% -4.48% -22.45% 0.00% -3.85%
Ford ✗ -11.08% -6.79% 1.18% -5.96% -1.18% -18.44% 0.00% -0.99%

VGGT ✓ -8.13% -2.33% / -8.33% -3.65% 0.94% 0.00% 5.42%

Ours BD-Rate Gains -10.69% -4.54% / -8.15% -3.10% -13.31% -0.00% 0.19%

Enc/Dec Time (s) 0.17/0.17 1.28/1.20 / 1.20/562 1.50/758 1.83/0.97 0.20/0.18
Total Params (M) 9.03 27.03 / 29.61 23.59 / 104.44 14.92

† For lossy compression, our evaluation is focused on 8 datasets. The other 7 were excluded because competing methods
produced unstable results, preventing a fair alignment of rate points. Since the lossy strategy for these datasets mirrors that
of KITTI, their lossless performance trends offer a reliable indication of their likely lossy performance.

* The results for Unicorn are cited directly from the original publication as its implementation is not open-source.

PCGC-2 is a variant of LINR-PCGC with a longer fine-
tuning duration, resulting in a higher encoding time.

• Comparison to SparsePCGC. Compared to
SparsePCGC / Unicorn, AnyPcc is more lightweight as
it introduces only four predictive groups, yet it delivers
superior performance. Furthermore, AnyPcc can be
extended with additional channel and spatial groups to
potentially achieve even higher compression efficiency.
The impact of our context modeling choices is further
analyzed in the Sec. 9.3.

• Comparison to UniPCGC. It is noteworthy that
UniPCGC builds upon SparsePCGC by introducing a
non-uniform eight-group strategy. This approach is par-
ticularly effective for point clouds with a uniform spatial
distribution. In the 8iVFB dataset, UniPCGC achieves
performance second only to AnyPcc. However, this strat-
egy introduces a strong inductive bias by assuming that
the initial groups can always provide sufficient prior in-
formation. This assumption does not hold for many real-
world point clouds with non-uniform distributions, which
explains its suboptimal performance on the MVUB dataset.

• Comparison to LINR-PCGC. Furthermore, the practi-
cal application of implicit methods like LINR-PCGC and
LINR-PCGC-2 is limited by their substantial encoding
times (ranging from 2 to 18 seconds) and their restriction
to multi-frame point cloud sequences. Moreover, their
compression efficiency is not state-of-the-art.

• Summary. We have aligned our evaluation with the es-

tablished community standards for human point cloud
compression and conducted a comprehensive benchmark.
The results confirm that AnyPcc consistently achieves
state-of-the-art performance across all tested conditions.

9.2. Lossy Compression

We present further experimental results for lossy compres-
sion in Table 6. Our method demonstrates superior perfor-
mance, outperforming various learning-based approaches
and the conventional G-PCC v23 codec. The table quanti-
fies this advantage by reporting the Bjontegaard Delta Rate
(BD-Rate) gains of our model (“Ours”) over competitors. A
lower BD-Rate value signifies a greater improvement. For
instance, -90% indicates that our method achieves a 90%
bitrate saving for the same PSNR quality on average. Fur-
thermore, our encoding and decoding times are comparable
to those of RENO, one of the fastest methods, underscor-
ing AnyPcc’s role as a lightweight yet unified solution for
point cloud compression. Notably, our “Ours-U” variant
utilizes a single model to perform both lossy and lossless
compression across diverse point cloud types, which sub-
stantially enhances the practicality of deep learning-based
PCC. Moreover, We provide point-to-point error heatmaps
for the dense 8iVFB, Owlii and Thuman dataset in Figure 3.
The error distribution visually confirms that AnyPcc pre-
serves fine geometric details effectively.



Figure 3. Point-to-point error heatmaps for the dense 8iVFB, Owlii and Thuman datasets.

9.3. Ablation Studies

Context Model. We provide a comprehensive ab-
lation study of our context model in Table 7, investigating
the impact of increasing the number of channel and spatial
groups. Within our framework, we reimplement the core
ideas of SparsePCGC [12] (uniform spatial grouping) and
UniPCGC [15] (non-uniform spatial grouping). These cor-
respond to our 8-group model in the Spatial1 experiment
and our ue-4-group model in the Spatial2 experiment, re-
spectively. It is important to note that these are conceptual
replications and may differ from the original implementa-
tions. Our findings show that the non-uniform grouping of
ue-4-group yields worse overall performance than uniform
grouping, suggesting its applicability is limited to specific
datasets. Furthermore, the uniform eight-group strategy of
SparsePCGC is outperformed by our proposed hybrid ap-
proach (e.g., 2 spatial groups + multiple channel groups),
demonstrating the superior efficiency of our context design.

Generally, when the number of groups in one dimension
(either spatial or channel) is fixed, increasing the number
of groups in the other dimension tends to improve perfor-
mance. This is because a greater number of groups in-
troduces a stronger inductive bias, which can simplify the
learning process for the model. An interesting exception
occurs when the number of channel groups is fixed at 2:
increasing the spatial groups from 2 to 4 leads to a per-
formance degradation on in-distribution datasets. We hy-
pothesize that at the occupancy code scale, an excessive
number of spatial groups creates too large a gap between
contexts, diminishing the relevance of the reference infor-
mation and thus hindering performance. Conversely, when
starting from a single group in either dimension, increasing
the group count consistently improves performance.

It is also crucial to consider the trade-off between perfor-
mance and complexity. For spatial grouping, a higher num-
ber of groups necessitates more sequential auto-regressive
decoding steps, which increases both encoding and decod-
ing time. A similar trade-off exists for channel grouping.
However, a special case arises with a single channel group:

this requires the arithmetic coder to handle a 256-way cat-
egorical distribution at once, which is computationally ex-
pensive and slows down the coding process. This observa-
tion is consistent with findings in RENO. As the number of
channel groups increases from 2 to 8, performance gener-
ally improves at the cost of increased computational com-
plexity. Considering these trade-offs, a configuration with 2
spatial groups and multiple channel groups emerges as a fa-
vorable choice. For our final model, we select 2 spatial and
2 channel groups. We do not opt for 4 or 8 channel groups
because they demand significantly more GPU memory for
training and increase decoding complexity. In contrast, the
2-group configuration provides a more lightweight and effi-
cient solution.

The analysis above considers performance averaged
across all datasets. However, the detailed breakdown in Ta-
ble 7 offers a novel insight: different context designs ex-
cel on different types of point clouds. This comprehensive
ablation provides a valuable reference for future research,
highlighting that the optimal context modeling strategy is
likely data-dependent.

Fine-tuning Iteration and Module Sensitivity. In
this subsection, we demonstrate the effectiveness of our
Instance-Adaptive Fine-Tuning (IAFT) strategy, particu-
larly for out-of-distribution (OOD) data. As illustrated
in Figure 4, the points along the red curve represent the
model’s performance at various fine-tuning iterations, rang-
ing from 10 to 1200. The results clearly show that the model
converges most rapidly during the initial stages, yielding
the most significant bitrate reduction. After approximately
200 iterations, the performance gains begin to saturate, with
further improvements becoming marginal. We therefore se-
lect this as our default fine-tuning stopping point. This
highlights a key advantage of our method: it offers a dy-
namic trade-off between encoding time and compression
performance. In resource-constrained scenarios, one can
opt for fewer iterations to achieve faster encoding, sac-
rificing a small amount of compression efficiency. Con-
versely, when computational resources are readily avail-



Table 7. Ablation study of the context model. The table is split into two main experiments: varying the number of groups for Spatial2 /
Channel2 and Spatial1 / Channel1 models respectively.

Spatial2 (Channel: 1 to 4) Channel2 (Spatial: 1 to 4)Dataset OOD 1-group 2-group 4-group ue-4-group 1-group 2-group 4-group

8iVFB ✗ 0.604 0.570 0.563 0.563 0.635 0.570 0.579
MVUB ✗ 0.832 0.752 0.744 0.752 0.854 0.752 0.772
Owlii ✗ 0.498 0.465 0.456 0.456 0.512 0.465 0.469

Thuman ✗ 1.667 1.636 1.633 1.634 1.677 1.636 1.649
ScanNet ✗ 1.922 1.826 1.857 1.849 2.062 1.826 1.877
KITTI ✗ 6.511 6.453 6.371 6.353 6.877 6.453 6.489
Ford ✗ 8.632 8.565 8.459 8.452 9.106 8.565 8.599
Dense ✗ 6.201 6.179 6.194 6.195 6.275 6.179 6.217
Sparse ✗ 9.710 9.659 9.690 9.731 9.728 9.659 9.680

GS ✗ 13.393 13.304 13.333 13.330 13.647 13.304 13.248
VGGT ✓ 7.310 7.222 7.218 7.250 7.320 7.222 7.230
S3DIS ✓ 11.454 11.317 11.166 11.163 11.772 11.317 11.296

RS ✓ 3.674 3.643 3.637 3.642 3.692 3.643 3.625
NS ✓ 4.887 4.863 4.840 4.865 4.883 4.863 4.850
CS ✓ 3.405 3.347 3.308 3.335 3.548 3.347 3.322

Avg bpp – 5.380 5.320 5.298 5.305 5.506 5.320 5.327
Enc Time – 0.492 0.436 0.571 0.568 0.382 0.436 0.539
Dec Time – 0.507 0.445 0.584 0.581 0.391 0.445 0.551

Spatial1 (Channel: 1 to 8) Channel1 (Spatial: 1 to 4)Dataset OOD 1-group 2-group 4-group 8-group 1-group 2-group 4-group

8iVFB ✗ 0.731 0.635 0.595 0.565 0.731 0.604 0.581
MVUB ✗ 1.045 0.854 0.796 0.733 1.045 0.832 0.782
Owlii ✗ 0.593 0.512 0.482 0.460 0.593 0.498 0.473

Thuman ✗ 1.767 1.677 1.652 1.625 1.767 1.667 1.646
ScanNet ✗ 2.196 2.062 1.986 1.909 2.196 1.922 1.878
KITTI ✗ 7.048 6.877 6.571 6.390 7.048 6.511 6.484
Ford ✗ 9.268 9.106 8.704 8.483 9.268 8.632 8.599
Dense ✗ 6.436 6.275 6.314 6.217 6.436 6.201 6.197
Sparse ✗ 9.810 9.728 9.804 9.794 9.810 9.710 9.675

GS ✗ 13.839 13.647 13.650 13.570 13.839 13.393 13.297
VGGT ✓ 7.529 7.320 7.320 7.265 7.529 7.310 7.241
S3DIS ✓ 12.094 11.772 11.441 11.220 12.094 11.454 11.312

RS ✓ 3.799 3.692 3.681 3.659 3.799 3.674 3.629
NS ✓ 4.952 4.883 4.892 4.932 4.952 4.887 4.835
CS ✓ 3.740 3.548 3.481 3.411 3.740 3.405 3.326

Avg bpp – 5.656 5.506 5.425 5.349 5.656 5.380 5.330
Enc Time – 0.436 0.382 0.496 0.724 0.436 0.492 0.554
Dec Time – 0.451 0.391 0.507 0.742 0.451 0.507 0.568

able, a longer fine-tuning duration can be used to maxi-
mize compression performance. Our framework thus en-
ables a controllable complexity-performance trade-off. Im-
portantly, even with zero fine-tuning, our base model al-
ready outperforms several state-of-the-art methods on many
datasets, underscoring the strong foundational performance

of our approach.

Moreover, We performed ablation studies on IAFT, as
shown in Figure 5. Just 10 steps of IAFT yield significant
gains on OOD data, confirming robustness under low la-
tency constraints. Extending fine-tuning to Spatial Convo-
lutions incurs a 15× time increase and higher weight over-



Figure 4. Trade-off between encoding complexity and performance. Our method allows for a flexible balance between these two factors.
On the NS and CS datasets, the BPP value for SparsePCGC is annotated directly due to its significantly poor performance, ensuring visual
clarity.

Figure 5. Impact of finetune steps and module sensitivity in GS dataset.

head without proportional coding gains. Thus, fine-tuning
only the lightweight head offers the optimal trade-off.

Quantization & Coder Selection. To efficiently com-
press the network weights transmitted to the decoder, we
employ uniform scalar quantization with a step size ∆ =
2−0.5×q . As illustrated in Figure 6, varying the quantization
parameter q reveals a clear trade-off: larger q values pre-
serve finer weight details, which effectively lowers the point
cloud’s entropy coding bitrate but simultaneously increases
the weight payload. Consequently, the Total BPP exhibits a
stable, gentle U-shaped trend, reaching an optimal balance
at q = 16 across all tested coders. Crucially, all quantization
settings consistently outperform the pre-trained model base-
line. Furthermore, we observe that our method is highly ro-
bust to the choice of weight coders. At the optimal q16 set-
ting, a standard GZIP coder achieves a Total BPP of 11.93,
which closely matches the 11.74 BPP achieved by the com-
putationally heavier DeepCABAC. This demonstrates that
the significant coding gains primarily derive from our pro-
posed strategy itself, rather than relying on complex param-
eter entropy coders.

Training Data Ratio. We train the Ours-U model on
a mixed dataset comprising 8iVFB, Thuman, ScanNet,
KITTI, Ford, and a general GS dataset. In this section,
we investigate the impact of the training data mixing ratio
on the final model performance. We acknowledge that de-
termining an analytically optimal mixing ratio is intractable
due to the infinite solution space. Therefore, our objec-
tive is to identify an empirically effective and well-balanced
configuration. To this end, we systematically adjust the
sampling weight of key subsets within the total training
data, generating multiple training configurations. The per-
formance of each configuration is then quantitatively ana-
lyzed by evaluating the resulting model’s bitrate on both the
specific target dataset and our comprehensive test suite (de-
noted “All Datasets”).

We begin with a baseline weight configuration, denoted
as w1 : {8iVFB: 2.5, Thuman: 1.0, ScanNet: 1.0,
KITTI: 2.5, Ford: 1.0, GS: 2.0}. We note that during
training, these weights are normalized to form a probability
distribution from which datasets are randomly sampled for
each training batch. As Figure 7 depicts, w1 represents this
initial configuration. The subsequent configurations, w2 to



Figure 6. Impact of weight quantization and coder selection in GS dataset.

Figure 7. A comparative analysis of compression performance on the Specific Dataset and the All Dataset as a function of training set
composition. The w1 model is trained on a balanced dataset. For models w2 and beyond, the proportion of the specific subset in the
training data is systematically increased. The blue and orange-brown lines illustrate the model’s performance on the Specific Dataset and
the All Dataset, respectively.

w6, are generated by incrementally increasing the weight
of the target dataset by 2.0 for each step. The results il-
lustrate a clear trend: as the sampling weight of a specific
dataset increases, the model’s performance on that particu-
lar dataset improves. However, this is often accompanied
by a decrease in performance on the comprehensive bench-
mark. This outcome validates our initial choice of w1 as
a reasonable and well-balanced configuration for general-
purpose compression.

9.4. Practical Deployment and Latency Analysis.

It is important to note that the encoding latency of 2.84s
reported in Table 1 of main paper represents the extreme

upper bound of our framework, corresponding to the max-
imum fine-tuning setting (IAFT-200) designed strictly for
peak rate-distortion performance. In real-world deploy-
ment, our approach offers high flexibility to balance effi-
ciency and coding gain: (1) Standard Benchmarks: For
standard autonomous driving scenarios like the KITTI
dataset, our pre-trained model exhibits strong generaliza-
tion capabilities. It achieves a superior 6.18 BPP compared
to RENO’s 7.06 BPP without any instance-specific fine-
tuning. Under this configuration, the encoding latency is
merely 0.28s, which fully satisfies the stringent low-latency
requirements of practical applications. (2) Favorable Ef-
ficiency Trade-off: The proposed IAFT module converges



rapidly. By limiting the fine-tuning process to just 10 itera-
tions, the latency on the dense GS dataset drastically drops
to 1.35s, effectively lowering the overall average encod-
ing time across all datasets to a highly competitive 0.56s.
Even with this accelerated configuration, our method con-
sistently maintains a clear performance margin over exist-
ing baselines. (3) Standardization Compatibility: From
a system-level perspective, the updated IAFT weights are
highly compact and seamlessly transmitted as standard side
information. This architectural design aligns perfectly with
existing point cloud compression standards (e.g., MPEG
and AVS pipelines), ensuring straightforward integration
into established industrial systems.

10. Point Cloud Visualization

In this section, we visualize the 15 datasets used in our ex-
periments, as depicted in Figure 8. Each point cloud is
color-coded by its local point density, transitioning from
blue (sparse) to red (dense). The visualization clearly shows
the diverse geometric structures in the benchmark: each cat-
egory has a unique density profile, and challenging datasets
show highly non-uniform distributions. Our unified model
(Ours-U) successfully compresses all these structurally het-
erogeneous point clouds, which is a strong testament to its
stability and generalization.

11. Future Work

Hybrid Explicit-Implicit Compression. AnyPcc
demonstrates a powerful principle: fine-tuning a small sub-
set of network parameters for each instance can yield sig-
nificant compression gains. This approach becomes advan-
tageous whenever the bitrate cost of transmitting the up-
dated weights is less than the resulting bitrate savings in
the geometry. This hybrid paradigm, which synergizes the
strengths of explicit (entropy coding) and implicit (network-
based representation) compression, can be readily extended
to other domains such as point cloud attribute compression,
as well as image and video compression. It offers the unique
benefit of adjustable encoding complexity through control
of the fine-tuning process. Furthermore, by integrating re-
cent advances in implicit neural representations and lever-
aging parameter-efficient fine-tuning techniques from the
large model domain, such as LoRA [4], we can develop
even more efficient and versatile compression schemes.

Scaling Laws of Compression Models. Our ablation
study, which explores channel counts from 32 to 128, re-
veals a clear trend of improved compression performance
with increased model size, suggesting the potential for a
scaling law. Drawing inspiration from the success of Large
Language Models (LLMs), a promising future direction is
to systematically scale up the AnyPcc architecture (e.g., to

one billion parameters or beyond) to investigate the ultimate
limits of neural point cloud compression.

Self-Supervised Learning and Data Curation. At its
core, point cloud compression is a self-supervised learn-
ing task where the model learns to predict the data from
itself. As we scale these models, the availability of vast and
diverse datasets becomes paramount. Future work should
therefore focus on two key areas: curating larger and more
comprehensive collections of real-world point cloud data,
and leveraging powerful generative models to synthesize
high-quality training data. These efforts will be critical
for successfully scaling self-supervised compression mod-
els and pushing the boundaries of generalization.
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