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Abstract

Point cloud completion is an important yet challeng-
ing problem in 3D computer vision, which aims to recon-
struct complete and dense 3D shapes from partial point
clouds. Although transformer-based and geometry-based
approaches have made significant progress, they often
struggle to capture the complex, high-order correlations in-
herent in point clouds. To address this limitation, we pro-
pose Hyper-PCN, a point cloud completion framework that
leverages hypergraphs to explicitly model complex, higher-
order correlations within incomplete inputs for more accu-
rate completion. It comprises two key modules: Hyper Re-
finement Stack, designed to progressively capture coarse-to-
fine high-order correlations through a series of hypergraph
learning stages, and Anchor-based Hypergraph Neural Net-
work, which employs a two-stage sampling strategy to con-
struct collaborative hypergraphs, ensuring robust model-
ing of global structures. Extensive experiments on mul-
tiple datasets demonstrate that our approach consistently
outperforms state-of-the-art methods. Code is available at
https://github.com/Rinfly/Hyper—PCN.

1. Introduction

Point cloud, as a pivotal representation of 3D geometry,
has garnered significant attention in applications ranging
from autonomous driving [8, 22] and robotic manipulation
[27, 35] to augmented reality. However, point clouds ac-
quired from real-world scanners are often incomplete due to
issues such as occlusion and limited sensor resolution [10].
This incompletion severely hinders downstream tasks, in-
cluding 3D reconstruction [25], point-cloud classification,
and segmentation. Point cloud completion addresses this
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Figure 1. Performance comparison between symmetry-based
methods and our approach, which utilizes higher-order correla-
tions. When no symmetry exists or both symmetrical regions
are incomplete, higher-order correlation guidance yields superior
completion results.

issue by reconstructing complete shapes from incomplete
data, playing a pivotal role in enhancing data quality and
facilitating subsequent 3D vision applications.

Point cloud completion has emerged as a research
hotspot in recent years, with most approaches focusing on
enhancing the ability to capture correlations within point
clouds. Early methods primarily relied on max-pooling fea-
ture extraction architectures like PointNet [28] and Point-
Net++ [29] to perform completion based on global fea-
tures. PoinTr [44] pioneered the use of transformer [36]
for this task, partitioning point clouds into patches and ap-
plying self-attention to capture local and global dependen-
cies. Subsequent studies have advanced along two main di-
rections: (1) devising novel transformer-based architectures
to better capture correlations and thus produce more fine-
grained results [6, 21, 30, 38, 43, 45, 50, 51], and (2) in-
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troducing symmetry or learnable geometric priors to inject
global shape-level context into the process [3, 42].

Despite these advances, existing methods often struggle
with complex geometries and fine structural details, espe-
cially in challenging scenarios where common priors like
symmetry are absent, as illustrated in Figure 1. This limita-
tion stems from a fundamental challenge: the insufficient
modeling of high-order correlations within point clouds.
Real-world structures exhibit rich, multi-faceted semantic
relationships beyond pairwise similarities or symmetry. For
example, an aircraft’s components such as wings, tail fins,
and fuselage together form the aerodynamic shape, which
must be organized in an ideal manner to alter airflow and
enable flight [32]. Such multi-component, synergistic rela-
tionships cannot be adequately captured by pair-wise mod-
els, necessitating a framework capable of modeling multi-
to-multi, high-order correlations.

Although transformer has gained popularity in point
cloud completion, its reliance on pair-wise query-key in-
teractions limits the capacity to model high-order corre-
lations. Hypergraph, on the contrary, provides a natu-
ral and powerful way to represent such complex relation-
ships, offering a promising direction for completion tasks.
Although some studies have attempted to employ hyper-
graph for processing point clouds, their methods are pri-
marily designed for complete point clouds. When dealing
with incomplete point clouds, the application of hypergraph
faces two specific challenges: (1) it is inherently more dif-
ficult to extract reliable correlation information from sparse
and incomplete structures, and simple one-shot hypergraph
construction may only capture limited relationships; (2) in
terms of graph construction, common strategies like random
point sampling [31] or voxel-based partitioning [ 18] tend to
bias the computational focus towards the intact regions of
the point cloud, which consequently constrains the predic-
tion and recovery of the missing parts.

In this paper, we address the modeling of high-order
correlations in incomplete point clouds for the first time
and propose Hyper-PCN, a novel point cloud completion
method based on hypergraph neural networks. To tackle
the challenges mentioned above, we design two key com-
ponents: (1) Hyper Refinement Stack (HyperRS), which
progressively mines coarse-to-fine high-order correlation
information from incomplete point clouds through a se-
ries of hypergraph modeling and convolution operations;
and (2) Anchor-based Hypergraph Neural Network (A-
HGNN), which employs a two-stage sampling strategy to
construct hypergraphs through the collaboration between
key points and anchors, guiding the hypergraph learning
towards more comprehensive global features. Experimen-
tal results demonstrate that Hyper-PCN effectively models
high-order correlations in point clouds and achieves supe-
rior performance on multiple public datasets, significantly

outperforming existing point cloud completion methods.
Opverall, the contributions are summarized as follows:

e We first model high-order correlations in incom-
plete point clouds and propose Hyper-PCN, a novel
hypergraph-based method for point cloud completion.

e We propose HyperRS, a novel architecture that progres-
sively captures coarse-to-fine high-order correlations in
incomplete point clouds, and A-HGNN, which leverages
two-stage sampling to guide hypergraph construction.

e Extensive experiments demonstrate that our method ef-
fectively models high-order correlations in point clouds
and outperforms state-of-the-art methods.

2. Related Works

2.1. Point Cloud Completion

Early one-stage methods like TopNet [33] struggled to cap-
ture fine geometric details, prompting a shift toward two-
stage frameworks. PCN [46] first extracts global features
with PointNet [28], then uses MLPs to produce a coarse
point cloud, and finally upsamples it via folding. De-
spite its influence, PCN’s reliance on simple MLPs hin-
ders the handling of complex structures. Subsequent works
like SnowFlake [38] and FBNet [43] addressed this by
introducing dedicated upsampling modules, such as the
snowflake point deconvolution and feedback-aware comple-
tion blocks. As the point set can be viewed as a token se-
quence, PoinTr [44] and its following works [6, 21, 30, 45,
50, 51] employ the transformer architecture [36] to predict
the missing point proxies. Recent studies [3, 42] leverage
geometric features such as symmetry or learnable priors to
provide contextual information at the global shape-level.

Other related works include view-guided completion,
self-supervised completion and 3D generation. Pioneered
by ViPC [49], view-guided methods [1, 9, 23, 40, 52] fuse
2D visual cues with 3D data to enhance reconstruction.
Self-supervised methods [5, 7, 15] reduce the dependency
on ground-truth by leveraging proxy tasks, such as mask-
reconstruction or cross-view consistency. Some control-
lable 3D generation methods [34] can also perform comple-
tion by using incomplete point clouds as control conditions,
but they require substantial computational resources.

2.2. Hypergraph Learning

Hypergraph is a set of vertices and hyperedges that encodes
high-order correlations beyond pairwise graphs [12]. Un-
like a conventional graph where an edge connects only two
vertices, a hyperedge can link an arbitrary number of ver-
tices, forming a subset and thus providing a natural and
flexible framework for modeling complex group-wise re-
lationships. Built upon this structure, Hypergraph Neural
Network (HGNN) [11, 13, 20] has emerged as powerful tool
for deep learning on hypergraphs.
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Figure 2. a) The overall Hyper-PCN framework, consisting of a hypergraph encoder and a two-stage decoder. b) The detailed architecture
of the Feature Embedding. c) The detailed architecture of the Hyper Refinement Stack (HyperRS). d) The detailed architecture of the

Anchor-based Hypergraph Neural Network (A-HGNN).

Due to their advantages, hypergraph and HGNN have
been applied to many tasks in computer vision, including
image classification [14] and detection [19], depth estima-
tion [2] and pose estimation [41]. In the domain of 3D point
clouds, hypergraph has also demonstrated its utility in tasks
such as 3D object detection [31], semantic segmentation
[47], and quality assessment [4]. However, these existing
works primarily focus on analyzing complete point clouds.

3. Method

3.1. Overall Framework

Hyper-PCN operates through a streamlined encoder-
decoder process, and the overall framework is shown in Fig-
ure 2. The hyper encoder first takes a partial point cloud
and generates a set of coarse points along with their deep
feature embeddings. The decoder then leverages these fea-
tures to refine the coarse points, ultimately reconstructing a
complete and detailed point cloud.

Hyper Encoder The hyper encoder takes a partial point
cloud as input and selects Ny key points through fea-
ture embedding. These key points are then processed
by Hyper Refinement Stack (HyperRS) and Anchor-based
Hypergraph Neural Network (A-HGNN). HyperRS con-
structs distance based hypergraphs and performs progres-
sive refinement to yield hyper features and a coarse shape,
while A-HGNN build collaborative hypergraphs through
key points and anchors, effectively extracting global higher-
order relations. The encoder outputs coarse points together
with hyper features and key features.

Decoder The decoder refines the coarse prediction using
both global and local cues. It concatenates the coarse fea-
tures from the encoder with the features refined by the lo-
cal encoder and A-HGNN, and feeds the combined repre-
sentation into the two stage Cross Fusion Geometry (CFG)
Transformer. Then the decoder integrates these features to
produce the final dense completion.

Loss Function We train our model by minimizing the
Chamfer Distance (CD) between predictions and the ground
truth at three stages: the coarse points, the intermediate
points from the first CFG Transformer, and the complete
points. The overall loss is their weighted sum.

3.2. Hypergraph Neural Network

Hypergraph Neural Network (HGNN) extends traditional
graph neural networks from pairwise graphs to hypergraphs,
where a single hyperedge can connect more than two ver-
tices and thus capture higher-order relations.

Let the hypergraph G be denoted as

Gg=(V.EW), 6]

where V is the set of vertices with |V'| = n, E is the set of
hyperedges with |E| = m, and W = diag(w.) € R™*™ i
the diagonal matrix of hyperedge weights.

The incidence matrix H € {0,1}"*™ is defined as

H,, — 1, if verte‘x v E e, ?)
0, otherwise.
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Figure 3. Visualization of hyperedges in Hyper Refinement Stack layers for airplane and watercraft samples. Regions with the same color
indicate point sets connected by the same hyperedge. As the layer depth increases, the distance threshold 7 decreases, which gradually
reduces the number of hyperedges and allows them to capture progressively finer (more deeply related) correlations. Extracted relations
include (1) low-order traits such as symmetry (e.g., airplane wings), (2) explicit high-order similarities (e.g., repeated sails on a watercraft),
and (3) semantic high-order relations (e.g., the aerodynamic coupling between an airplane’s wing and tail).

The vertex degree d(v) and hyperedge degree d(e) are
given by:

d(v) = weHpe, 8(e)=) Hup, ()

ecE veV

and their corresponding diagonal matrices are

D, = diag(d(v)) €e R™*", D, = diag(d(e)) € R™*™.
“4)
The hypergraph convolution [13] is a two-stage vertex
— hyperedge — vertex information flow. Specifically, each
vertex first sends its feature information to the incident hy-
peredges, where the features of connected vertices are ag-
gregated to update the hyperedge embeddings. Then, each
vertex collects messages from its neighboring hyperedges,
weighted by the corresponding hyperedge importance, to
refine its own representation.
The two-stage process can be expressed in matrix as:

XU = (D' HWD ' HTXDQ,), o)

where X®) ¢ R7xdx (d; denotes the feature dimension at
layer t) denotes vertex features at layer ¢, and @ is the
learnable transformation matrix.

3.3. Feature Embedding

As a preparatory step for hypergraph computation, the fea-
ture embedding (based on PointNet) first builds a multiscale
feature pyramid to get N, key points P, € RN**3 and
multi-scale features F,,, € RP=*Nk where D,, is the ag-
gregated channel dimension. Then it applies a 3D positional

encoding to each key point and uses a transformer block to
obtain key embeddings E), € R™V+*P that aggregate multi-
scale context, where D is the channel dimension. The trans-
former output is fused with the pyramid descriptors by ad-
dition and a linear projection, which yields discriminative
key features Fy, € RV:*2Ne that serve as the shared input
to the two paths in the encoder.

3.4. Hyper Refinement Stack

This module addresses the difficulty of extracting higher-
order relations from partial point clouds. To mitigate the
limitation that single-pass modeling yields only limited
higher-order cues, we adopt a threshold-annealed stack of
hypergraph computation layers.

In detail, we stack L layers, each of which constructs
a hypergraph based on feature space and performs hyper-
graph convolution. Let the feature map at layer £ be X (©),
we construct a binary incidence matrix H®) € {0, 1}NexNe,
where N is the number of vertices at layer ¢. Taking each
vertex as the centroid, the incidence is defined as:

(6)

%

o [ X0 X0, <
0, otherwise.

The hyperedge set is formed by grouping each vertex’s
neighbors whose distances fall within a threshold 7,, which
is linearly annealed from 7yt tO Tend (Tstart > Tend) aCTOSS
the L layers:

-1

L -1 (Tend - Tstart),g S {1, .. .7L}, (7

Te = Tstart +



In this way, the hyperedges contain diverse vertices and
are more numerous (as low-degree hyperedges are mean-
ingless) in shallow layers, capturing broad contextual cues,
while deeper layers focus on closer neighbors to get fine-
grained high-order relations.

We then apply hypergraph convolution as Equation (5)
with binary weights to aggregate higher-order relations and
get updated features X (©). After that, we apply a residual
update with SiLU activation (SiLU(z) = = - o(z), where
o is the sigmoid function) and batch normalization (BN) to
obtain the output features of layer £ + 1:

XD — x(® 4 BN (SiLU()?“))) o ®

Through layer-by-layer progressive hypergraph model-
ing and convolution, HyperRS effectively excavates coarse-
to-fine high-order correlations in incomplete point clouds,
as verified in Section 4.3 and Figure 3. The high-order
correlation features from each layer are progressively in-
tegrated to form a deep understanding of the point-cloud
structure, which helps improve completion accuracy and the
preservation of fine details.

3.5. Anchor-based Hypergraph Neural Network

To effectively model global higher-order relations in incom-
plete point clouds, this module adopts a two-stage sampling
strategy to establish robust information pathways between
key points and anchors. The core idea is that the synergy
between key points and anchors, as opposed to relying on
either alone, mitigates structural bias and enables the con-
struction of a hypergraph that more comprehensively cap-
tures global dependencies across the entire shape.

Given the key points P, = {pm}f\[:kl from the feature
embedding module, the anchors P, = {p, ; }jV:al are ob-
tained by deterministic uniform subsampling of P}, under a
budget N,. Then we compute the Euclidean Distance (£ D)
between each key point and each anchor:

ED;j = ||pki — Pajllz,  ED e RN:>*Ne 0 (9)

where ED; ; denotes the distance from key point py ; to
anchor p, ;.

For each point py, ;, we select the index set of its « near-
est anchors N (i):

N(i) = argTop-a(— ED; ;). (10)
j€{1,...,Ng}

Then we build the hypergraph incidence matrix H4)
{0, 1}V>*M wyith entries

g _ L JeNG), (11
J 0, otherwise,

where H, Z.(?) = 1 means point ¢ is incident to anchor j.

After that, we use the input features Fj,, € RVeX2Nk ag
the hypergraph vertex features and apply hypergraph con-
volution (Equation (5)) to obtain the final global high-order
correlation features Fl,; € RV X2Nk

3.6. CFG Transformer

CFG Transformer is a two-level architecture designed to
fuse geometric information with higher-order relations. It
begins by augmenting the coarse input points P, with 3D
positional encoding, concatenating these encodings with
the raw coordinates to form a PE-augmented representa-
tion Zpgy € RNeXPre  This representation is then pro-
cessed by a self-attention block to extract geometry-aware
features F, € RNe*Dg which align local geometry with
structural relations captured at a higher order. These fea-
tures are further transformed into a fused refinement repre-
sentation Flof € RNe*Dret which is regressed into point-
wise offsets. The final output is a completed point cloud
Y € RM-*3 where N, denotes the number of output
points. Here, Dpg, Dy, and D¢ represent the channel
dimensions of the PE-augmented features, geometry-aware
features, and refinement features, respectively.

4. Experiment

4.1. Experiment Settings

Datasets and Evaluation Metric We use three widely
adopted datasets for training and evaluation, including the
PCN dataset[46], MVP dataset[26], and ShapeNet55/34
dataset[35]. Additionally, we test our method on the KITTI
dataset to evaluate the generalization ability in real-world
scenarios. We adopt three standard metrics for quantita-
tive evaluation: CD-L1, CD-L2, and F1-Score@1%. For
the CD metric, lower values indicate better reconstruction,
while for the F1 score, the larger value is better.

Implementation Details Our model is trained on
NVIDIA RTX 3090 GPUs for 420 epochs using the
AdamW optimizer (batch size 64) with an initial learning
rate of 2 x 10~% and weight decay of 5 x 10~%. A 20-epoch
warm-up linearly increases the learning rate from 1 x 10~°
to 2 x 10~%. We set the HyperRS depth to L = 6, linearly
annealing the distance threshold from 7Tyt = 0.20 to Tepg =
0.16. A-HGNN comprises two stages with anchors/top-k
pairs of (N,1 = 128, k1 = 24) and (N2 = 192, ky = 32).

4.2. Comparison to the State-of-the-art

Evaluation on PCN Dataset In this section, we evaluate
the proposed network on the PCN dataset and compare it
with previous methods. We present the quantitative results
of the CD-L1 and F1-score on the PCN dataset in Table 1.



Table 1. Quantitative results on the PCN dataset. (CD-L1x 1072 and F1-Score@1%)

Methods Venue CD-Avg()) FI1(f) Airplane Cabinet Car Chair Lamp Sofa Table Watercraft
PCN [46] 3DV’18 9.64 0.695 5.50 2270 1063 870 11.00 11.34 11.68 8.59
PoinTr [44] ICCV’21 8.38 0.745 4.75 10.47 868 939 775 1093 7.78 7.29
FBNet [43] ECCV’22 6.94 - 3.99 9.05 790 738 582 885 6.35 6.18
SeedFormer [50] ECCV’22 6.74 0.818 3.85 9.05 8.06 7.06 521 8.85  6.05 5.58
SnowflakeNet [38] TPAMI’23 7.21 0.801 4.29 9.16 808 789 6.07 923 6.55 6.40
GTNet [48] ICVv’23 7.15 - 4.17 9.33 838 7.66 549 944  6.69 6.07
AnchorFormer [6] CVPR’23 6.59 - 3.70 8.94 7.57 7.05 521 840  6.03 5.81
SVDFormer [51] ICCV’23 6.54 0.841 3.62 8.79 746 691 5.33 849 590 5.83
AdaPoinTr [45] TPAMI’23 6.53 0.845 3.68 8.82 747 685 547 835 580 5.76
ODGNet [3] AAAT 24 6.51 0.833 3.78 8.78 757 683 512 846 586 5.66
CRA-PCN [30] AAAT’24 6.39 - 3.59 8.70 750 670 5.06 824 572 5.64
SymmCompletion [42]  AAAI'25 6.28 0.853 3.53 8.49 730 652 506 823 5.64 5.49
PointMAC [17] NIPS’25 6.33 - 3.54 8.66 744  6.65 498 819 564 5.57
Ours - 6.20 0.858 3.46 8.48 723 649 483 810 557 5.48
Input PCN PoinTr SeedFormer Ours GT

Figure 4. Visualization results on the PCN dataset. As emphasized by the zoom-in views, our Hyper-PCN preserves fine-grained structures
such as the complex geometry of cars and tables, airplane propellers and tails, and watercrafts, demonstrating strong completion quality
and generalization across diverse categories.



Table 2. Results on Seen ShapeNet-34 and Unseen ShapeNet-21 test set. CD-S, CD-M, and CD-H stand for CD-L2 values under the
simple, median, and hard difficulty levels, respectively. (CD-L2x10~2 and F1-Score@1%)

Seen ShapeNet-34

Unseen ShapeNet-21

Method Venue

CD-S CD-M CD-H CD-Avg()) F1(f) CD-S CD-M CD-H CD-Avg(l) FI1(})
PCN [46] 3DV’18 1.87 1.81 2.97 2.22 0.154 3.17 3.08 5.29 3.85 0.101
TopNet [33] CVPR’19 1.77 1.61 3.54 2.31 0.171  2.62 2.43 5.44 3.50 0.121
PFNet [16] CVPR’20 3.16 3.19 7.71 4.68 0.347 5.29 5.87 13.33 8.16 0.322
GRNet [39] ECCV’20 1.26 1.39 2.57 1.74 0.251 1.85 2.25 4.87 2.99 0.216
SnowflakeNet [38] ICCV’21  0.60 0.86 1.50 0.99 0.422 0.88 1.46 2.92 1.75 0.388
PoinTr [44] ICCV’21 0.76 1.05 1.88 1.23 0.421 1.04 1.67 3.44 2.05 0.384
SeedFormer [50] ECCV’22 0.48 0.70 1.30 0.83 0452  0.61 1.07 2.35 1.34 0.402
ProxyFormer [21] CVPR’23 044 0.67 1.33 0.81 0.466 0.60 1.13 2.54 1.42 0.415
AdaPoinTr [45] TPAMI'23  0.51 0.67 1.17 0.78 0.399 0.61 0.96 2.11 1.23 0.416
ODGNet [3] AAAT24  0.44 0.64 1.14 0.75 0.451 0.59 1.01 2.26 1.29 0.415
CRA-PCN [30] AAAT’24  0.45 0.65 1.18 0.76 - 0.55 0.97 2.19 1.24 -
SymmCompletion [42] AAAT25 0.33 0.48 1.00 0.60 - 0.39 0.70 1.83 0.97 -
PointMAC [17] NIPS’25 0.44 0.64 1.14 0.75 - 0.53 0.96 2.16 1.22 -
Ours - 032 0.46 0.98 0.58 0.571 0.38 0.68 1.77 0.94 0.550

Table 3. Results on the ShapeNet55 dataset. CD-S, CD-M, and PoinTr SeedFormer Ours

CD-H stand for CD-L2 values under the simple, median, and hard
difficulty levels, respectively. (CD-L2x 10~ and F1-Score@1%)

Method CD-S CD-M CD-H CD-Avg(l) FI(})
PCN [46] (2018) 194 196  4.08 2.66 0.133
PoinTr [44] (2021) 058 088 179 1.09 0.464
SeedFormer [50] (2022) 050 077 149 0.92 0.472
SnowflakeNet [38] (2023) 070 1.06  1.96 1.24 0.398
ProxyFormer [21] (2023) 049 075 155 0.93 0.483
AdaPoinTr [45] (2023) 049 069 124 0.81 0.503
ODGNet [3] (2024) 047 070 132 0.83 0.437
CRA-PCN [30] (2024) 048 071 137 0.85 -

SymmCompletion [42] (2025) 034 054 118 0.69 =

PointMAC [17] (2025) 047 069 134 0.83 0.490
Ours 033 051 LI2 0.65 0.565

Our method achieves the best CD performance in each cat-
egory and the best average values for both CD and F1-score
across all categories.

In addition to quantitative comparisons, we also pro-
vide visualized results in Figure 4. As shown in the fig-
ure, qualitative comparisons further highlight Hyper-PCN’s
advantages over PCN, PoinTr, and SeedFormer. Across
cars, airplanes, tables, and watercraft, our completions ex-
hibit cleaner topology, sharper edges, and more uniform
point density, while spurious points in empty regions are
markedly reduced. The zoomed insets show that Hyper-
PCN preserves the structures present in the input and ex-
tends them into missing areas in a geometry-consistent
manner, including wheel arches, wing tips and tail surfaces,
slender table legs, and the bow and stern outlines. More-
over, our method does so without fragmentation or over-
smoothing. Overall, Hyper-PCN delivers high fidelity and
high consistency that align closely with the ground truth
while maintaining the original geometry of the partial scan.

Input

Figure 5. Qualitative results on the KITTI dataset.

Evaluation on ShapeNet-55/34 Dataset Furthermore,
we evaluate our method on the ShapeNet-55/34 dataset, in-
cluding the ShapeNetS55 dataset as well as the more chal-
lenging ShapeNet-34 seen and ShapeNet-21 unseen sub-
sets. The test samples are categorized into three difficulty
levels—easy, median, and hard—by retaining 75%, 50%,
and 25% of the partial point cloud, respectively. As shown
in Table 3 and Table 2, we report CD-L2 values for each
method at easy (CD-S), median (CD-M), and hard (CD-
H) levels. The results show that Hyper-PCN consistently
outperforms previous approaches across all difficulty lev-
els, demonstrating its effectiveness and strong generaliza-
tion capability.

Evaluation on KITTI Dataset We further evaluate on
real world data using the KITTI dataset. Following prior
practice, the model trained on the PCN dataset is directly
tested on the KITTI. The qualitative comparison results in



Table 4. Results on the MVP dataset. (CD-L2 x 10~* and F1-Score @ 1%)

Methods ‘ PCN [46] CRN[37] VRCNet[26] PDR[24] CRA-PCN [30] SymmCompletion[42] PointMAC [17] ‘ Ours

CD ) 8.65 7.25 5.82 5.66 5.33 4.89 5.24 4.76

F1 (1) 0.342 0.434 0.495 0.499 0.529 0.534 0.537 0.558
Table 5. Quantitative results of ablation study on key components Input WO HYPerRS,  \ HyperRS  w A-HGNN W:!}/‘lgmsr GT

HyperRS and A-HGNN using the PCN dataset. (CD-L1x1073
and F1-Score@1%)

HyperRS A-HGNN | CD(}) FI1 (1)
643  0.844

v 636 0.848

v 6.32  0.851

v v 620  0.858

Figure 5 shows that Hyper-PCN reconstructs a more com-
plete car geometry, maintains sharper boundaries and more
uniform point density with noticeably fewer outliers. Be-
sides, it recovers occluded regions better while preserving
the visible structures in the input. Please refer to Appendix
for quantitative results and analysis.

Evaluation on MVP Dataset Table 4 provides a quanti-
tative comparison of our method against others on the MVP
dataset, indicating that our Hyper-PCN can generate high-
quality complete point clouds.

4.3. Visualization of HyperRS

To understand how HyperRS groups points during refine-
ment, we visualized the hyperedges in each HyperRS layer.
Figure 3 shows hyperedge connections for airplane and wa-
tercraft samples across three HyperRS layers. This progres-
sive, layer-by-layer hypergraph modeling enables HyperRS
to effectively mine coarse-to-fine high-order correlations in
incomplete point clouds.

4.4. Ablation Study

We investigate the effect of Hyper-PCN’s key components
by conducting an ablation study in which HyperRS and A-
HGNN are removed from the full model, and report the CD-
L1 and F1-score on the PCN dataset. As shown in Table 5
and Figure 6, each component independently brings a clear
improvement over the baseline without it. When the two are
combined, it achieves the best overall performance.

We also study the depth of the HyperRS by varying the
number of stacked layers. Figure 7 reports the CD-L1 and
F1-Score. Performance improves steadily as L increases
from 1 to 6, reaching the best CD and F1 when L = 6,
indicating that deeper refinement aggregates coarse-to-fine
higher-order cues. When the stack is deeper than six lay-

A-HGNN
g W

Figure 6. Qualitative results of ablation study on key components
HyperRS and A-HGNN.
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Figure 7. Ablation on number of layers in HyperRS using the PCN
dataset. (CD-L1x 10~2 and F1-Score @ 1%)

ers, CD rises while F1 falls, suggesting over-smoothing and
accumulated noise as annealed hypergraphs become overly
sparse and message passing deepens. We therefore adopt
L = 6 as the default.

5. Conclusion

In this paper, we propose Hyper-PCN, a novel point cloud
completion framework that leverages hypergraph learning
to model high-order correlations within incomplete point
clouds. The method introduces two key components: Hy-
perRS, which progressively captures coarse-to-fine struc-
tural relationships through layered hypergraph convolution,
and A-HGNN, which employs a two-stage sampling strat-
egy to construct collaborative hypergraphs to guide robust
hypergraph construction. Extensive experiments demon-
strate that Hyper-PCN consistently outperforms state-of-
the-art methods across multiple benchmarks, effectively im-
proving completion quality and preserving fine-grained de-
tails. This work highlights the importance of high-order
correlation modeling and establishes hypergraphs as a pow-
erful tool for point cloud completion.
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7. More Results on KITTI

Following previous works, we report the quantitative re-
sults of MMD and FD on the KITTI dataset in Table 6.
Although our method does not achieve the best numerical
performance, it produces better visual results; additional vi-
sualizations are shown in Figure 8. It is worth noting that
the KITTI dataset lacks ground truth, therefore the quan-
titative metrics are computed using reference point clouds
sampled from the PCN dataset, and distribution differences
between the two datasets may affect the accuracy of these
metrics. Consequently, we place more emphasis on visual
evaluation and consider the results on the ShapeNet-21 un-
seen subset to better reflect the model’s generalization abil-

1ty.

Table 6. Quantitative comparison on the KITTI dataset in terms of
Fidelity Distance (FD) and Minimal Matching Distance (MMD)

Methods ‘ PoinTr SeedFormer SVDFormer Ours
FD (}) 0.0 1.45 11.3 1.25
MMD () 8.21 1.09 0.97 3.42

8. Additional Ablation Studies

Additional Ablation Studies on HyperRS To investigate
the sensitivity of HyperRS to the filtering thresholds, we ab-
late the start and end thresholds (7, Tena)- As reported in
Table 7, setting (Tstart, Tend) = (0.2, 0.16) achieves the best
trade-off among all configurations, with a CD of 6.20 and
an F1 score of 0.858. A smaller threshold pair (0.1,0.06)
is less effective at suppressing noisy responses, while larger
thresholds such as (0.3,0.26) and (0.4,0.26) tend to over-
filter fine structures, both leading to performance degrada-
tion. These results indicate that using a moderate level of
thresholding in HyperRS is crucial for balancing noise sup-
pression and the preservation of geometric details.

Table 7. Ablation studies on the HyperRS thresholds (Tstart, Tend)-

(Tstarts Tend) ‘ Chd) F1 (M

(0.1,0.06) | 622  0.855
02,0.16) | 620  0.858
03,026) | 624 0853
0.4,026) | 625  0.851

Additional Ablation Studies on A-HGNN We further
ablate the number of neighbors used in the two A-HGNNSs,
denoted as (Topk, , Topk,). As shown in the Table 8, setting
(Topk,, Topk,) = (24,36) yields the best performance,
achieving a CD of 6.20 and an F1 score of 0.858. A smaller
neighborhood size (12,18) is insufficient to capture rich
high-order relations, leading to slightly worse reconstruc-
tion quality. In contrast, larger settings such as (36, 48) and
(48,72) introduce redundant or noisy connections, which
also cause mild performance degradation. These results
suggest that choosing a moderate number of neighbors for
the two anchor hypergraphs strikes a better balance between
contextual aggregation and noise suppression.

Table 8. Ablation studies on the top-k neighbors of A-HGNNSs.

(Topki, Topks) | CD (1) F1 (1)
(12, 18) 6.23  0.853
(24, 36) 6.20  0.858
(36, 48) 6.22  0.854
(48,72) 6.24  0.851

9. Discussion on the Advantage of Hypergraph

Conceptual Motivation Conventional graph convolution
models relationships through pair-wise interactions. In
point cloud completion, missing regions frequently break
such pair-wise connectivity, limiting reliable information
propagation. Hypergraph learning, in contrast, explicitly
models group-wise, high-order correlations by connecting
a set of vertices within a single hyperedge. Even if parts of
a structure are missing, the remaining pieces can still form
a hyperedge, allowing the network to infer the properties of
the missing geometry from the group context.

Ablation Design and Empirical Validation We conduct
a comparative study by replacing HyperRS and A-HGNN
modules with standard, widely-used counterparts, while
maintaining a comparable computational budget to ensure
fairness:

e GCN-based: We replace hypergraph convolution with
graph convolution in these modules to represent pair-
wise correlations. To ensure a fair comparison, we em-
ploy the same graph construction strategy as our method.

e Set Abstraction-based: We replace the modules with
PointNet or PointNeXt.



The results on PCN dataset are shown in Table 9. Despite
using comparable or larger model capacity, both GCN- and
SA-based variants underperform the proposed hypergraph-
based design. We further increase the stacking depth of
GCN layers within HyperRS and observe a bit improvement
when L=12. Nevertheless, the GCN-based variant still ex-
hibits a clear gap compared to the hypergraph-based design,
suggesting that explicit group-wise modeling is more effec-
tive than deep stacks of pair-wise convolutions.

Table 9. Ablation of core modules by replacement.

(a) HyperRS.
Base FLOPs(G) Params(M) CD(])
GCN (L=6) 6.47 12.61 6.28
GCN (L=12) 12.94 25.22 6.27
GCN (L=18) 19.41 37.83 6.33
PointNet 17.24 2.11 6.29
PointNeXt 146.42 17.85 6.35
Ours 3.23 6.31 6.20
(b) A-HGNN.
Base FLOPs(G) Params(M) CD()
GCN 25.82 2.10 6.26
PointNet 12.93 1.06 6.36
PointNeXt 13.84 1.12 6.39
Ours 0.54 1.05 6.20

10. Additional Visualizations

Additional Visualizations on PCN dataset We provide
some additional visualization results on the PCN dataset
(Figure 9 and Figure 10). The results show that Hyper-
PCN can generate high-quality completed point clouds in
various complex scenarios, accurately restoring details and
structure.

Additional Visualizations of HyperRS In addition, we
present more visualizations of the hyperedges in the Hy-
perRS across different objects. Figure 11 illustrates Hy-
perRS’s hyperedge connections on different objects, further
validating HyperRS’s effectiveness in mining high-order
correlation information from incomplete point clouds.

Additional Visualizations of A-HGNN To validate A-
HGNN’s effectiveness in capturing global high-order cor-
relations, we visualized the hyperedges formed by anchor
connections in the two A-HGNN modules in the encoder,
as shown in Figure 12. Regions of the same color indicate
the point sets connected by the same anchor. It can be ob-
served that A-HGNN’s hyperedges mainly connect the edge

parts of neighboring missing regions, and the connected re-
gions of the two A-HGNN modules are partly complemen-
tary; together they cover the edge information of missing
regions across the whole shape. The edges of missing re-
gions typically contain rich structural cues and semantic in-
formation that are crucial for inferring the shape and details
of the missing parts. Through anchor-guided hypergraph
construction, A-HGNN can effectively capture these global
high-order correlations, thereby improving the quality and
consistency of point cloud completion.



Figure 8. Additional visualizations on KITTTI dataset.
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Figure 9. Additional visualizations on PCN dataset.
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Figure 10. Additional visualizations on PCN dataset.
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Figure 11. Additional visualizations of hyperedges in Hyper Refinement Stack layers.
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Figure 12. Additional visualizations of hyperedges in A-HGNNs.
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