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Figure 1. (a) AnyPcc Architecture. A single, unified model compresses point clouds from any source, with our Instance-Adaptive
Fine-Tuning (IAFT) module boosting performance on out-of-distribution (OOD) data. (b) AnyPcc Benchmark. Our comprehensive
benchmark features 15 diverse datasets, including both standard and extreme cases. When compared against five state-of-the-art methods,
AnyPcc consistently achieves high compression efficiency across all types of point clouds.

Abstract

Generalization remains a critical challenge in deep
learning-based point cloud geometry compression. While
existing methods perform well on standard benchmarks,
their performance collapses in real-world scenarios due to
two fundamental limitations: the lack of context models that
are robust across diverse data densities, and the inability to
efficiently adapt to out-of-distribution (OOD) data. To over-
come both challenges, we introduce AnyPcc, a universal
point cloud compression framework. AnyPcc first employs
a Universal Context Model that leverages coarse-grained
spatial priors with fine-grained channel priors to ensure ro-
bust context modeling across the entire density spectrum.
Second, our novel Instance-Adaptive Fine-Tuning (IAFT)
strategy tackles OOD data by synergizing explicit and im-
plicit compression paradigms. For each instance, it fine-
tunes a small subset of network weights and transmits them
within the bitstream. The minimal bitrate overhead from
these weights is significantly outweighed by the resulting
gains in geometry compression. Extensive experiments on
a benchmark of 15 diverse datasets confirm that AnyPcc
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sets a new state-of-the-art in point cloud compression while
maintaining low complexity. Our code and datasets have
been released to encourage reproducible research.

1. Introduction

With the rise of 3D applications like autonomous driving
and virtual reality, point clouds have become a standard
format for 3D data. This widespread use makes efficient
geometry compression essential for reducing storage and
transmission costs. While recent learning-based methods
outperform traditional standards like G-PCC [5] on certain
standard benchmarks, a significant generalization gap often
limits their practical use. We argue this gap originates from
two fundamental limitations. First, existing context models
[52, 54, 66] are often tailored to specific point cloud densi-
ties and thus fail to maintain stable performance across the
wide spectrum of densities found in real-world data, such
as sparse LiDAR scans and dense reconstruction outputs.
Second, these models suffer a sharp decline in compres-
sion efficiency on out-of-distribution (OOD) data. Even
recent universal models like Unicorn-U [52], despite being
trained for versatility, fall short due to two key issues: they
rely on non-unified architectures, and their performance still
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Figure 2. The superiority of our UCM in capturing contextual information across diverse point cloud types (e.g., dense and sparse).

collapses under extreme OOD conditions. We address these
limitations sequentially, first by tackling context modeling.

Effective context modeling is crucial for efficient point
cloud compression. While spatial-prior methods like Uni-
corn [52] leverage strong contextual information at the
voxel scale, they become unreliable in sparse scenarios.
RENO [66] re-frames the problem as a channel-wise prob-
ability prediction task on occupancy codes. Although their
methodologies differ, the spatial context modeled by Uni-
corn and the channel-wise context by RENO are fundamen-
tally two inter-convertible representations of the same local
geometry. Operating at the coarser-grained occupancy code
scale ensures sparsity-robustness and achieves a larger ef-
fective receptive field. However, by exclusively grouping
fine-grained priors, both methods fail to leverage the valu-
able structural information available from coarser-grained
contexts, as illustrated in Figure 2. We resolve this with our
Universal Context Model (UCM), which synergistically in-
tegrates channel grouping for fine-grained priors with spa-
tial grouping for coarse-grained structural priors. This
unified approach allows the UCM to capture a richer, more
complete set of contextual dependencies, enabling robust
compression across the entire density spectrum.

Although our UCM achieves favorable compression re-
sults via large-scale pre-training, its performance still de-
grades on extreme OOD samples. Meanwhile, while
some works have explored Implicit Neural Representations
(INRs) for generalization [6, 11, 23, 43], their requirement
to train a unique network from scratch for every instance
results in impractically long encoding times. Therefore, to
transcend the slow encoding time of INRs and the general-
ization constraints of a fixed pre-trained model, we propose
AnyPcc. Our key idea is to combine a versatile and pow-
erful pre-trained model with fast, instance-specific adap-
tation. To this end, our Instance-Adaptive Fine-Tuning
(IAFT) strategy updates only a minimal subset of the net-
work’s parameters (the final linear layers), leaving the vast
majority untouched. This lightweight procedure enables
AnyPcc to converge to an effective instance-specific model
within seconds which facilitated by the robust priors of our

UCM. This approach transcends the slow encoding of tra-
ditional INRs and the generalization limits of a fixed pre-
trained model, achieving an outstanding balance between
compression performance, generalization, and practical ef-
ficiency. To validate this, we curated a comprehensive train-
ing corpus and established a demanding evaluation bench-
mark that extends far beyond standard test sets, providing
a rigorous measure of its real-world viability, as shown in
Figure 1. Our contributions are summarized as follows:

* We introduce AnyPcc, a universal compression frame-
work designed to resolve the critical trade-off between
efficiency and generalization. It is the first method to
achieve high compression and robust performance across
diverse point cloud types using a single, unified model.

* Our Universal Context Model (UCM) resolves a key
limitation of prior works by being the first to synergis-
tically integrate fine-grained channel priors with coarse-
grained spatial priors, achieving robust context modeling
across the entire density spectrum.

* We pioneer an Instance-Adaptive Fine-Tuning (IAFT)
strategy that resolves the trade-off between explicit and
implicit compression. It rapidly fine-tunes a small subset
of a pre-trained model’s weights per-instance, yielding a
highly efficient compression model in seconds.

» Extensive experiments on a benchmark of 15 diverse
datasets demonstrate that AnyPcc not only outperforms
the latest G-PCC v23 standard but also sets a new state-
of-the-art among learning-based methods, establishing a
new paradigm for universal point cloud compression.

2. Related Work

2.1. Point Cloud Geometry Compression

Category-Specific Methods. In the domain of dense ob-
ject point cloud compression [15, 16, 37, 41, 61-63, 65],
several methods leverage sparse tensor representations. For
instance, PCGCv2 [50], SparsePCGC [51], UniPCGC [54]
and methods [3, 13, 30, 40, 68, 70, 73] employ sparse con-
volutions to exploit local correlations for effective com-



pression. Concurrently, approaches like VoxelDNN [38]
and SparseVoxelDNN [36] achieve higher compression ef-
ficiency through autoregressive codecs for feature extrac-
tion. For LiDAR point clouds compression [1, 7, 8, 25,
33, 42, 46, 60, 67], seminal works such as MuSCLE [4],
Octsqueeze [22], OctAttention [14], EHEM [45] and Top-
Net [58] utilize octree-based [44] representations, employ-
ing attention mechanisms to predict the occupancy codes of
parent nodes efficiently. Other methods, including Unicorn
[52] and RENO [66], also adapt the sparse tensor paradigm
to LIDAR data. More recently, with the rise of 3D Gaussian
Splatting [26, 28, 32] (3DGS), GausPcgc [55] is introduced,
which enables efficient compression of 3DGS coordinates.
Nevertheless, a unifying drawback common to all of these
approaches is their architectural over-specialization for par-
ticular point cloud attributes, which in turn severely com-
promises their generalizability.

The Generalization Problem. Despite recent efforts
toward versatility from frameworks like Unicorn [52] and
standardization bodies (MPEG [27], AVS, JPEG [18] Al-
PCC), a critical generalization problem persists. Unicorn-
U [52] serves as a prime example, exhibiting two criti-
cal flaws: it relies on a non-unified, hybrid architecture
(e.g., attention and convolution) that compromises practical
utility, and its performance collapses on out-of-distribution
(OOD) data. This dependency on curated training data is
untenable for the vast and varied landscape of real-world
point clouds. Dedicated training data is often unavailable
for many critical types, such as medical scans, 3D Gaus-
sian Splats, or point clouds generated by networks like
Dust3R [57] and VGGT [53]. Consequently, the compres-
sion efficiency of existing methods degrades drastically on
such OOD data. This performance collapse reveals a crit-
ical, yet largely unaddressed, challenge in the current re-
search landscape: achieving true generalization capability
in point cloud compression networks.

2.2. Implicit Compression

Implicit neural representations (INRs) offer strong general-
ization by overfitting a coordinate-based network (e.g., an
MLP) to a single data instance, using the optimized weights
as the compressed representation [0, 11, 12, 35, 43, 49, 64,
71, 72]. However, this per-instance optimization is pro-
hibitively slow, as it requires full network training, and the
process is often lossy.

Some works have sought to mitigate these issues. For
instance, while LINR-PCGC [23] achieves lossless com-
pression by overfitting a base model, it requires full net-
work tuning and is limited to multi-frame scenarios due to
the impractical storage overhead of per-frame weights. In
image and video compression, recent works [34, 39, 48]
have employed parameter-efficient fine-tuning (PEFT) tech-
niques [21, 56] to adaptively fine-tune pre-trained mod-

els. This hybrid paradigm, which synergizes the robust pri-
ors of a pre-trained model with the flexibility of implicit,
per-instance adaptation, remains unexplored in point cloud
compression. The highly irregular structure of point clouds
further necessitates a dedicated investigation into designing
an effective explicit-implicit model tailored for this domain.

3. Method

3.1. Overview

Our proposed framework, AnyPcc, achieves universal point
cloud compression through three core components. First,
we introduce a Universal Context Model (UCM), pre-
trained on diverse data to adaptively handle point clouds
of varying densities. Second, we employ an Instance-
Adaptive Fine-tuning strategy to efficiently compress out-
of-distribution (OOD) samples. Finally, we demonstrate
how our framework can be seamlessly extended from loss-
less to lossy compression via a probability thresholding
mechanism, creating a single, unified solution. These
components are detailed in the following subsections.

3.2. Universal Context Model

Design Insight.  The task of point cloud geometry com-
pression can be viewed as predicting occupancy probabili-
ties, where a more accurate model yields a shorter bitstream
by arithmetic coding. While prior work has leveraged priors
effectively, it has focused exclusively on fine-grained infor-
mation. While spatial context models [51, 54] focus on the
voxel scale and channel-wise context models [66] on the
occupancy code scale, they share a fundamental limitation.
Both overlook the coarse-grained structural context avail-
able from the spatial relationships between the occupancy
codes themselves. Our UCM resolves this by introducing a
synergistic partitioning scheme that is the first to simultane-
ously model fine-grained dependencies via channel group-
ing and coarse-grained context via spatial grouping. This
unified approach creates a model robust across the entire
density spectrum, as shown in Figure 2 and 3.

Our spatio-channel design is grounded in two theoreti-
cal principles, which we prove in Appx. 6. We first es-
tablish that modeling on 8-bit occupancy code channels is
information-theoretically equivalent to modeling on the cor-
responding 2 x 2 x 2 voxel block (Theorem 1). We then
prove this provides a significant receptive field advantage
crucial for sparse data (Theorem 2). Leveraging these prin-
ciples, the UCM employs a hierarchical framework over a
multi-scale occupancy code representation. The prediction
proceeds scale-by-scale, from coarse to fine, where the con-
text at each scale is drawn from three sources: the occu-
pancy codes of the parent scale, fine-grained channel-wise
priors, and coarse-grained spatial priors. Critically, unlike
in image models [19, 20, 24], our context grouping operates
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Figure 3. llustration of the proposed AnyPcc framework. AnyPcc formulates the compression task as a sequential prediction of multi-
scale occupancy codes. It develops a Universal Context Model (UCM) that incorporates strong inductive biases from spatio-channel
partitioning, enabling robust generalization across diverse data sources.

directly on geometric occupancy codes instead of a latent
space, creating a true coarse-to-fine geometric partitioning.
This design ensures robust prediction, as detailed in Fig-
ure 4. (More in Appx. 7.1)

Notation. V20/02V denote the Voxel-to-Occupancy-
Code conversion and vice-versa (Fig. 2). Oc-Code is an
occupancy code and OV is an occupied voxel. The Arith-
metic Encoder (AE) compresses Oc-Codes to a bitstream
using predicted probabilities and the Arithmetic Decoder
(AD) reconstructs them from the bitstream.

Hierarchical Context Propagation. = Our model adopts
a coarse-to-fine hierarchical structure. At each scale [,
the geometric information is captured by a set of occupied
voxel coordinates C(!) and their associated 8-bit occupancy
codes {ogl) }. The context propagation mechanism, involves
two main stages. First, a coarse-context encoding network,
Worior, Processes the occupancy codes and coordinates from
scale [ to generate a powerful latent representation Z().
This network implicitly handles the conversion from dis-
crete codes to continuous features and aggregates local con-
textual information:

Z0 = Ui ({0"},00). (1)

Second, this latent representation is propagated to the finer
resolution scale [ + 1. The features are upsampled and then
refined by a target-processing network Wy to produce the

l+1)}

final predictive context {cg at the finer scale:

{Cz(‘H_l)} = \Iitarget(Upsample(z(l)))’ @)

where Wi,oe and W50 are shown in Figure 4. The result-

ing context field {cglﬂ)} provides the foundation for our
detailed spatio-channel prediction task.

Spatio-Channel Context Factorization. After aggre-
gating information from a coarser scale [, the compression
task at the current scale [ 4 1 is to predict its occupancy

codes. To efficiently model this, we decompose the joint
probability distribution of the occupancy codes by factor-
izing their context along both spatial and channel-wise di-
mensions. This dual factorization dramatically reduces pre-
dictive complexity and improves coding efficiency.

Spatial Context Partitioning. To model the coarse-
grained structural priors, we first spatially partition the tar-
get occupancy codes at scale [ + 1 into two disjoint sets
using a 3D checkerboard pattern, as shown in Figure 3. An
occupancy code at location (x, y, z) is assigned to group G;
(yellow cells) if the coordinate sum (z + y + 2) is even, and
to group G- (green cells) if it is odd:

Gr={i eV | (z; +y;i+2) (mod?2) =0}, (3)
Go={i eV | (z;4+yi+2) (mod2)=1}. (4)

This partitioning strategy transforms the prediction task into
a two-step auto-regressive process. The joint probability of
all {o;} at the current scale [ + 1 is factorized as:

P({o:}) = [] Ploiles) - [] Pojles, {0k} reniyng,)s

i€G1 JEG2
)

where c; and c; are the context vectors for locations 7 € G,
and j € Go respectively, drawn from the context field
{cgﬂ)} propagated from the coarser scale [. N(j) is the
k3 neighborhood of location j. This spatial factorization
establishes a powerful dependency model on the coarse-
grained context, allowing the network to leverage infor-
mation from immediately adjacent, already-decoded occu-
pancy codes for more accurate probability estimation.

Channel Context Partitioning. Complementary to
the coarse-grained spatial factorization, we introduce a
channel-wise partitioning to model the fine-grained context
within each 8-bit occupancy code o € {0,...,255}. The
code is decomposed into two 4-bit sub-symbols: a least sig-
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Figure 4. An illustration of our recursive, parameter-shared Universal Context Model (UCM) operating at scale [ + 1. At each scale, the
UCM processes the input voxels to predict the probability distribution of the corresponding occupancy codes. The same model architecture
and parameters are recursively applied to all other scales, ensuring a consistent prediction process throughout the hierarchy.

nificant part oy and a most significant part o;.

(mod 16), o1 = |0/16]. (6)

Op =0

This channel-wise partitioning enables a two-stage predic-
tion cascade. For any location ¢, the probability of its occu-
pancy code o; is factorized as:

P(0i]-) = P(oipl-) - P(04,1]0i,0,), (N

where (-) represents the full conditioning context available
at location 4. For instance, for a location ¢ € G, this con-
text is simply c;. The sub-symbol probabilities are modeled
sequentially via a prediction module composed of a Spatial
Convolution S and a Prediction Head . For the second
sub-symbol, the context is updated to ¢, = ¢; + Emb(o; ).
The probabilities are then given by:

P(0;,0ci) oc exp (Hgi.0(Sg10(ci))) 5 8
P(0i,1]0i,0,¢;) x exp (Hg1,1(Se1,1(c)))) - )

This cascading mechanism improves coding efficiency with
refining the context for the second sub-symbol with the first.
The process is analogous for G5, which additionally incor-
porates spatial context from decoded neighbors in G;.

Synergistic Context Feature Aggregation. The synergy
between the spatial partitions is realized when predicting
the second group Go. The initial context for a location j €
G- is explicitly enhanced by aggregating feature from its
decoded neighbors in Gy, as highlighted in Figure 3. This
process involves three steps:

First, we create a sparse, augmented context field C
populated only at locations corresponding to the already-
decoded group G;. For each location k € G;, we augment
its initial context c; with an embedding of its decoded oc-
cupancy code og:

Vk € Gy.

Cp=cp+ Embprior(ok)7 (10)

Second, this local information is gathered for each loca-
tion j € Go using a sparse convolution (Sconv). The ag-
gregated context C,g, ; 1S computed by applying a weighted
sum over the augmented contexts of its neighbors in Gy :

Z Wsconv(k - ]) : ék

kEN (j)NG1
(1)

Finally, the enhanced context c;.’ for location j is formed
by fusing its original context c; with the aggregated neigh-
bor context C,g, ; Via a fusion network ®pyg.:

Cags,j = [Sconv(C)]j =

7

C; q)fuse([cj7cagg,j]); (12)

where [-, -] denotes concatenation. This process allows the
model to directly leverage the decoded geometric structure
from G; to resolve ambiguities and improve predictions for
the subsequent group Go. After all partitions at scale [ + 1
have been processed, the entire procedure is repeated for the
next finer scale [ + 2.

3.3. Instance-Adaptive Fine-Tuning

While the pre-trained UCM provides a strong general prior,
its performance will degrade when encountering OOD in-
stances. To bridge this generalization gap, we introduce
Instance-Adaptive Fine-Tuning (IAFT), a novel strategy
that synergizes the strengths of a general pre-trained model
with the instance-adaptive finetuning.

Parameter-Efficient Adaptation. The core idea of
IAFT is to specialize the UCM to a new instance through
parameter-efficient fine-Tuning. To achieve this, we parti-
tion the UCM’s parameters © into a large, frozen backbone
Ofrozen and a small, tunable set Oype. The frozen set Ofozen
comprises the vast majority of the network, including all
feature extraction modules and the spatial convolution op-
erators S. These components provide a robust general prior.
Conversely, the tunable set Oy, consists exclusively of the
parameters of the lightweight prediction heads #H, which



are responsible for mapping the final features to occupancy
probabilities.

On-the-Fly Optimization. For each new point cloud in-
stance, we perform a rapid, on-the-fly optimization to find a
specialized set of weights O . that minimizes an instance-
specific loss function. This process is formulated as:

07 .. = arg min Lype, (13)

tune

*
tune

where the loss Ly is the negative log-likelihood of the in-
stance’s occupancy codes {o;}, which directly models the
bitrate, regularized by an L1 term to promote sparsity:

Line = — Zlog P(o;|context;; ©) + AL1||Ouwnell1- (14)

To make this adaptation highly efficient, we employ a
caching mechanism. We first perform a single forward pass
through the frozen backbone Oy, to compute and cache
the inputs to the prediction heads. The subsequent optimiza-
tion iterations then operate solely on these cached features
to rapidly update the small Oy, set. Thanks to the power-
ful priors from the backbone, this process converges in just
a few hundred gradient steps (mere seconds) and yielding a
highly accurate, instance-specific predict model.

Encoding and Decoding. The final compressed bit-

stream is composed of two components:

* Model Component (Byeights): We employ uniform scalar
quantization with a step size A = 279-5%16 to the weights

Opine » followed by DeepCABAC coding [59].

* Geometry Component (Bgeom): The occupancy codes
{0;} are losslessly compressed by an arithmetic coder
guided by the probability distributions from the now-
specialized UCM.

The total bitrate is the sum of the lengths of these two com-
ponents. The decoding process is symmetric: the decoder
first reads Buyeignts to reconstruct the specialized prediction
heads, updates its local copy of the UCM, and then uses
this instance-specific model to entropy-decode the geome-
try from Bgeom. By transmitting a small model update, the
significant bitrate reduction in encoding the geometry far
outweighs the overhead of sending the weights, leading to
substantial gains in coding efficiency and generalization.

3.4. Unified Lossless and Lossy Compression

Although our UCM framework is primarily designed for
lossless compression, it can be seamlessly extended to lossy
scenarios. For sparse LiDAR point clouds, a straightfor-
ward lossy approach is to simply omit the entropy coding
of the n finest scales. However, this method would cause
severe geometric degradation for dense point clouds. There-
fore, We employ a more sophisticated strategy for dense
data: the encoder transmits only the ground-truth point

count (k) for a given scale. The decoder then reconstructs
the geometry by identifying the k£ most probable occupied
locations and their corresponding occupancy codes based
on the model’s predictions. Please refer to Appx. 7.2 for
detailed model specifications and Appx. 9.4 for an analysis
of practical deployment trade-offs.

4. Experimental Results

4.1. Experiment Setup

Dataset.  To cultivate a powerful and generalizable Uni-
versal Context Model (UCM), we curate a comprehensive
training corpus by merging multiple datasets. This corpus
includes a wide array of point clouds recommended by the
MPEG AI-PCC and AVS AI-PCC working groups, such
as KITTI [17], Ford [2], 8iVFB [10], MVUB [31], and
ScanNet [9]. To further diversify the training data and en-
hance model robustness, we also incorporate the GausPcc-
1K [29, 55] and Thuman [69] datasets. To truly challenge
our proposed framework and assess its real-world viability,
our evaluation protocol goes far beyond standard bench-
marks. In addition to all mainstream datasets, we delib-
erately introduce point clouds from modern reconstruction
techniques like VGGT methods and 3D Gaussian Splatting.
Furthermore, we synthesize three challenging datasets to
simulate common data imperfections: NS (added noise),
RS (point dropout), and CS (non-rigid shape deformations).
This comprehensive and demanding benchmark provides a
more realistic measure of a model’s stability and general-
ization capabilities (see Appx. 8).

Implementation.  Our framework is built with PyTorch

and TorchSparse [47], and all experiments are conducted on

a single NVIDIA RTX 3090 GPU. We propose and evaluate

two distinct versions of our model:

* Qurs: This version aligns with standard practice by train-
ing a dedicated model for each dataset category.

* Ours-U: This is a single, unified model trained on a
large-scale mixed dataset. The same set of weights is ap-
plied to all test sets, greatly improving its practical utility.

For both versions, we apply our UCM on E samples, and

augment it with IAFT (200 iters) for M and H samples.

Baseline and Metrics. We benchmark our method
against several state-of-the-art (SOTA) open-source solu-
tions, including RENO [66], SparsePCGC [51], OctAtten-
tion [14], and TopNet [58], as well as the latest traditional
codec, GPCC v23. Since the code for Unicorn [52] is un-
available, we report its performance from the original paper
under aligned experimental settings. All models are eval-
uated under identical training and testing conditions for a
fair comparison. For lossless compression, we report the ef-
ficiency in bits per point (bpp) and the Compression Ratio
Gain (CR-Gain). The CR-Gain is calculated relative to an



Table 1. Performance comparison on the AnyPcc Benchmark. The table presents the compression performance of AnyPcc against six methods

across 15 diverse datasets, with the best and second-best results highlighted in red and yellow cells.

Dataset | Cond’ OOD | RENO  SparsePCGC Unicorn® OctAttention TopNet GPCC | Ours  Ours-U
S8iVFB 0.70 0.57 0.57 0.68 0.59 0.76 0.54 0.57
MVUB 1.00 0.69 0.69 0.76 0.69 0.94 0.67 0.75
Owlii 0.59 0.48 0.48 0.62 0.56 0.59 0.47 0.47
Thuman E 1.64 1.70 1.70 2.31 2.20 2.00 1.58 1.64
ScanNet 2.15 1.86 1.86 2.13 2.03 2.03 1.83 1.88
KITTI 7.06 6.80 6.50 7.21 6.85 8.19 6.18 6.45
Ford 9.38 9.77 8.44 9.10 8.54 10.32 8.40 8.57
Dense 5.81 6.37 548 6.55 6.38 5.32 5.27 5.55
Sparse 9.64 9.98 9.42 10.40 10.02 9.35 9.11 9.26
GS M 13.89 15.82 / 11.31 10.95 14.46 11.65 11.74
VGGT v 8.24 7.84 / 8.22 7.83 7.33 7.30 7.06
S3DIS v 13.06 11.88 / 11.52 10.84 10.66 10.93 10.79
RS v 4.02 3.88 / 4.05 3.92 3.72 3.68 3.50
NS H v 4.96 6.54 / 4.89 4.84 4.85 4.69 4.67
CS v 3.94 4.94 / 3.40 3.21 3.23 3.18 3.08
CR Gain over GPCC | 2.96% 2.07% / 1.32% -4.04% 0.00% | -11.93% -10.75%
Enc/Dec Time (s) | 0.22/0.23 2.6/2.2 / 7.7/1324 8.7/1740 3.8/2.7 2.84/0.46
Total Parameters (M) | 9.03 26.43 / 29.61 23.59 / 68.39 9.77

 Cond represents the test difficulty of the testsets, and we divide the test set into easy (E), medium (M), and hard (H).
* The results for Unicorn are cited directly from the original publication as its implementation is not open-source.

anchor codec as (bpp,ehod — PPPanchor)/ PPPanchor X 100%,
where a more negative value indicates greater bitrate sav-
ings. For lossy compression, we assess the rate-distortion
performance using bpp for the rate and Peak Signal-to-
Noise Ratio (PSNR) for the distortion.

4.2. Lossless Compression

Results.  As benchmarked in Table | across 15 datasets
(including 5 for Out-of-Distribution generalization), our
methods demonstrate clear superiority. Our models, Ours
and Ours-U, achieve SOTA on 13 datasets and deliver sub-
stantial CR-Gain of 11.93% and 10.75% over the GPCC
v23 anchor. In stark contrast, most baselines fail to match
this anchor: RENO, SparsePCGC, and OctAttention show
performance degradations of 2.96%, 2.07%, and 1.32% rel-
ative to the anchor, while TopNet is the only competing
method to provide a positive gain, at 4.04%. A key trade-
off emerges: our specialized model excels on in-distribution
data, but our universal model (Ours-U) shows superior gen-
eralization across all OOD datasets, affirming its practical
value. For OOD evaluation, models trained on KITTI are
used. Moreover, we provide both the results for RENO-U
and SparsePCGC-U with unified data training and the more
evaluations on dense point clouds in Appx. 9.1.

Model Parameters.  Our primary method (Ours), like

all baselines, requires training seven distinct models for the
benchmark, as shown in Table 1. In contrast, our univer-
sal model (Ours-U) utilizes a single set of weights for all
datasets. This not only highlights its generalization but also
drastically reduces storage and deployment overhead, mark-
ing a significant step towards a practical solution.

Codec Time. Our decoding time is comparable to
RENO, the fastest baseline, as shown in Table 1. While
our default encoding takes 2.84 seconds, it is highly flexi-
ble. By adjusting fine-tuning iterations, the encoding time
can be controlled within a 0.44s to 2.84s range, offering a
trade-off between speed and compression efficiency. A de-
tailed analysis is in the Appx. 9.3.

4.3. Lossy Compression

The lossy compression results are shown in Figure 5.
LiDAR-based methods are not shown for the dense human-
body and ScanNet datasets due to their suboptimal perfor-
mance. The results confirm that AnyPcc performs robustly
across all datasets. Crucially, the strong performance of our
unified model, Ours-U, demonstrates that AnyPcc can serve
as a single-model solution for both efficient lossless and
lossy point cloud compression. For an analysis of model pa-
rameters and codec times in the lossy compression, please
refer to the Appx. 9.2.
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Figure 5. Performance comparison using rate-distortion curves. Comparisons on the human-body and ScanNet datasets exclude RENO,
OctAttention, and TopNet, as they are specifically designed for lossy LIDAR compression and thus incompatible.

Table 2. Effectiveness analysis of key modules in UCM.

| SC SG CG | CR-Gain Params (M)

Baseline 0.00% 5.15
Ablal v -6.56% 5.68
Abla2 v 0.13% 5.15
Abla3 v v -7.74% 9.78
Abla4 v v -5.33% 7.19
Abla5 v v -6.50% 5.67

Ours v v v -9.88% 9.77

4.4. Ablation Studies

Key Modules. Table 2 details our ablation study on Spa-
tial Convolution (SC), Spatial Grouping (SG), and Channel
Grouping (CG). Combining all three yields the optimal per-
formance. Notably, while SC and SG individually enhance
results, using CG alone (as in RENO) causes degradation.
This indicates that CG’s fine-grained priors strictly depend
on the coarse-grained spatial priors from SC and SG.

Channel Count. Table 3 shows the effect of varying the
channel count (32 / 64 / 128) on performance and complex-
ity. While higher channel counts lead to better performance,
the model with 128 channels proves to be too computation-
ally expensive. We therefore choose C=64 for our model, as
it offers the best trade-off between performance and speed.

IAFT Module. @ We also conduct an ablation study on
the Instance-Adaptive Fine-Tuning (IAFT) module, with
the results presented in Table 3. The table shows that fine-
tuning for 800 iterations yields a performance gain of ap-
proximately 5%, at the cost of an additional 10 seconds in
encoding time. This allows for dynamic control over the
complexity-performance trade-off. As shown in Table 3,

Table 3. Ablation study of channel count and IAFT module, in-
cluding Bpp composition on the GS dataset.

Metrics UCM UCM+IAFT
Overall Performance (32/64/128 channels)

Bpp 5.42/5.32/5.25 5.14/5.04/4.99
Enc Time (s) 0.31/0.44/1.13  11.82/12.11/13.08
Dec Time (s) 0.32/0.46/1.14 0.32/0.46/1.14
Model Size (M) 2.45/9.77/39.01
Bpp Composition on GS dataset
Entropy Coding Bpp 13.307 11.424
Net Size Bpp 0 0.319

IAFT reduces the entropy-coded bpp by 1.883 on the GS
dataset, at the cost of 0.319 bpp for the model. This con-
firms that for samples with irregular distributions, the bitrate
savings from entropy coding substantially outweigh the net-
work overhead.

More Studies.  Further evaluations (e.g., on quantization
precision, fine-tuning iterations, training data ratio, context
model) and visual comparisons are detailed in Appx. 9.3.

5. Conclusion

This paper introduced AnyPcc, a universal framework for
geometry point cloud compression designed to efficiently
compress point clouds of any type. Powered by a robust
generic context model and an instance-adaptive fine-tuning
strategy, our approach uniquely combines the advantages of
both explicit and implicit compression methods. This al-
lows for effective compression of both in-distribution (ID)
and out-of-distribution (OOD) samples. Experimental re-
sults on a comprehensive benchmark of 15 datasets show
that AnyPcc achieves SOTA compression performance.
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