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Abstract

Point cloud completion seeks to recover geomet-
rically consistent shapes from partial or sparse
3D observations. Although recent methods have
achieved reasonable global shape reconstruction,
they often rely on Euclidean proximity and over-
look the intrinsic nonlinear geometric structure of
point clouds, resulting in suboptimal geometric
consistency and semantic ambiguity. In this
paper, we present a manifold-aware point cloud
completion framework that explicitly incorporates
nonlinear geometry information throughout the
feature learning pipeline. Our approach intro-
duces two key modules: a Geodesic Distance
Approximator (GDA), which estimates geodesic
distances between points to capture the latent
manifold topology, and a Manifold-Aware Feature
Extractor (MAFE), which utilizes geodesic-based
k-NN groupings and a geodesic-relational atten-
tion mechanism to guide the hierarchical feature
extraction process. By integrating geodesic-aware
relational attention, our method promotes semantic
coherence and structural fidelity: in the recon-
structed point clouds. Extensive experiments on
benchmark datasets demonstrate that our approach
consistently outperforms state-of-the-art methods
in reconstruction quality. The code has been avail-
able online https://anonymous.4open.science/r/
Manifold- Aware-Point-Cloud-Completion--F380/
README.md.

1 Introduction

In real-world scenarios, 3D scans are often sparse, incom-
plete, and noisy due to occlusions, sensor limitations, or en-
vironmental disturbances, which pose significant challenges
to downstream processing and reconstruction [Chang er al.,
2015; Tchapmi ef al., 2019; Yu et al., 2021; Xie et al., 2020].
Therefore, point cloud completion has become a fundamen-
tal task in 3D computer vision, supporting high-level per-
ception and scene understanding in applications such as au-
tonomous driving, robotics, augmented reality, and cultural
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Figure 1: Visualization of point connectivity using Euclidean versus
manifold-based neighbors. Graphs in the top row are constructed
using Euclidean neighbors, while the graphs in the bottom row are
built by manifold-aware neighbors. The manifold-based graphs bet-
ter preserve the intrinsic topology and continuity of the underlying
shape.

heritage preservation [Yuan et al., 2018; Geiger ef al., 2012;
Newcombe et al., 2011].

Recent learning-based approaches have made notable
progress in tackling the shape completion problem [Chen
et al., 2023; Rong et al., 2024; Cai et al., 2024; Zhou
et al., 2025]. Despite their success, most of these meth-
ods treat point clouds as unordered sets in Euclidean space,
overlooking the fact that real-world surfaces often lie on
low-dimensional manifolds embedded in high-dimensional
space [Yu er al., 2023; Zhong et al., 2025]. This oversim-
plification hinders accurate modeling of intrinsic geometric
structures, limiting the capacity to reason about shape conti-
nuity beyond local neighborhoods.

Some recent methods incorporate geometry-aware mod-
ules for 3D shape modeling. For instance, following the study
of DGCNN [Wang et al., 2019], AdaPoinTr [Yu et al., 2023]
introduces a geometric block that aggregates features from
k-nearest neighbors (k-NN). PointCFormer [Zhong et al.,
2025] extends local affinity estimation to high-dimensional
feature space by introducing residual vectors. However,
both approaches still rely on fixed k-NN groupings in Eu-
clidean space [Qi et al., 2017], making them vulnera-
ble to point clouds with nonlinear geometry. In contrast,
PointAttN [Wang et al., 2024] replaces explicit k-NN group-
ing with global attention weights across all points.

Euclidean k-NN graphs usually contain shortcut con-
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nections, linking spatially close but geodesically distant
points—leading to features from semantically unrelated re-
gions, especially under sparse sampling (as shown in the
top row of Figure 1). To overcome this challenge, we pro-
pose a manifold-aware feature extraction framework. The
core of the framework is an anchor-based geodesic distance
metric, which efficiently approximates true manifold connec-
tivity from partial observations and robustly redefines local
neighborhoods (as illustrated in the bottom row of Figure 1).
The geodesic k-NN, by comparison, accurately identifies true
adjacency points on surfaces, enabling semantic consistency
and structural integrity. This geodesic metric serves as the
foundation of our framework: it supports geodesic-aware
neighborhood grouping, informs attention-based feature ag-
gregation, and facilitates manifold positional embedding.
In summary, our contributions are threefold:

* We propose an efficient anchor-based geodesic distance
approximation method that captures intrinsic surface
topology and enables robust neighborhood construction
in sparse and geometrically complex point clouds.

* We develop a unified manifold-aware feature extrac-
tion framework that integrates geodesic guidance into
neighborhood grouping, attention-based aggregation,
and manifold positional embedding, leading to improved
geometry encoding and reasoning.

* We conduct experiments on standard and challenging
benchmarks, demonstrating the effectiveness and gen-
eralizability of our method, which consistently outper-
forms state-of-the-art approaches.

2 Related Work

2.1 3D Shape Completion

Early works such as 3D-EPN [Dai et al., 2017] adopted vol-
umetric representations but were limited by resolution and
scalability. Recently, point-based methods have become the
mainstream due to their flexibility and efficiency, including
PCN [Yuan et al., 2018], TopNet [Tchapmi et al., 2019], and
AtlasNet [Groueix et al., 2018]. Later works such as Fold-
ingNet [Yang et al., 2019] and GRNet [Xie et al., 2020] fur-
ther improved reconstruction fidelity. Despite these advances,
most methods still assume linear locality and overlook non-
linear topology, limiting performance on complex or incom-
plete shapes.

2.2 Transformer-based Completion Methods

Transformer-based methods have gained attention for global
context modeling. PoinTr [Yu et al., 2021] formulated com-
pletion as set-to-set translation with geometry-aware mod-
ules, and AdaPoinTr [Yu er al., 2023] improved robustness
via adaptive queries and denoising. SnowflakeNet [Xiang et
al., 2021] and SeedFormer [Zhou et al., 2022] adopt coarse-
to-fine refinement with transformer-based upsampling, while
PointCFormer [Zhong et al., 2025] uses relation-weighted
progressive extraction. PointAttN [Wang et al., 2024] re-
places explicit k-NN with global attention to reduce short-
cut edges. Although geodesic relations have been studied for
point cloud analysis (e.g., GeoNet [Qi et al., 2018]), these

completion Transformers still typically rely on Euclidean
neighborhood aggregation and do not explicitly leverage in-
trinsic topology under sparsity.

2.3 Attention Mechanisms

Some recent approaches have explored geometry-aware at-
tention mechanisms to improve local feature extraction. Ada-
PoinTr [Yu er al., 2023] incorporates an adaptive geomet-
ric block to encode local spatial relationships, while PointC-
Former [Zhong et al., 2025] integrates local affinity estima-
tion through residual vector attention. PointAttN [Wang er
al., 2024] eliminates fixed k-NN by applying global atten-
tion across all points, thereby alleviating the effect of neigh-
borhood errors. Nonetheless, these attention modules are
still rooted in Euclidean or feature-space proximity, which
can lead to semantic ambiguity and poor locality preserva-
tion—particularly on sparsely sampled surfaces. In contrast,
we address completion with partial inputs and use an anchor-
based geodesic distance as‘a local reranking and attention
cue, rather than estimating exact surface geodesics.

3 Method

3.1 Overview

Point cloud completion aims to recover a complete 3D shape
from an_incomplete observation. A common limitation of
prior methods is that local neighborhoods and relational mod-
eling are largely based on Euclidean proximity, which may
introduce shortcut edges on nonlinearly embedded surfaces
and under sparsity. To address this, we inject manifold-aware
cues into feature learning through two key modules: (1)
Geodesic Distance Approximator (GDA), which precom-
putes an anchor-to-anchor shortest-path matrix and supports
efficient geodesic distance queries; (2) Manifold-Aware Fea-
ture Extractor (MAFE), which integrates geodesic cues
into hierarchical grouping (GNG), geodesic-relational atten-
tion (GRA-T), and manifold positional embedding (MPE).
The subsequent coarse completion and upsampling follow a
standard coarse-to-fine decoder design and are not the focus
of our novelty. By combining local geodesic neighborhood
modeling and global manifold position encoding, our method
better preserves intrinsic geometry and improves completion
quality.

3.2 Geodesic Distance Approximator (GDA)

Real-world point clouds often lie on low-dimensional mani-
folds, where Euclidean distance may poorly reflect intrinsic
geometry. As shown in Fig. 3, Euclidean neighborhoods can
introduce shortcut edges on nonlinearly embedded surfaces,
motivating our geodesic-aware neighborhood construction.

The ideal manifold geodesic distance between two points
x; and ; on a manifold M is:

1
dm(zs,x;) = min / 17 ()| dt, 1)
v€Ti; Jo
where I';; denotes piecewise-smooth paths connecting x; and

J
Direct geodesic computation is intractable on discrete point
sets. Instead of computing an all-pairs distance matrix on the



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

Overview of Manifold-Aware Point Cloud Completion Framework
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Figure 2: Overview of our framework. Given an incomplete point cloud P, the Geodesic Distance Approximator (GDA) samples anchors
and constructs an anchor proximity graph, where Dijkstra’s algorithm is used to precompute the anchor-to-anchor shortest-path matrix D 4
(Fig. 2(b)). Based on D 4, we query approximate point-to-point geodesic cues on demand and inject them into the Manifold-Aware Feature
Extractor (MAFE) via geodesic-based grouping (GNG) and the Geodesic-Relational Attention Transformer (GRA-T), enabling manifold-
aware feature aggregation (Fig. 2(a,c)). Finally, we employ a standard coarse-to-fine completion decoder (coarse completion + upsampling)

to generate a dense and complete point cloud.

Euclid kNN Geodesic kNN
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Figure 3: Euclidean vs. geodesic neighborhoods on a rolled mani-
fold. Euclidean kNN may connect across nearby but topologically
distant sheets (left, shortcut), whereas geodesic kNN follows the sur-

face and selects consistent neighbors (right).

full point cloud, we adopt an efficient anchor-based approxi-
mation (Fig. 2(b)).

Anchor graph and precomputed anchor geodesics

We first sample an anchor set A = {a,,}}_; from P us-
ing farthest point sampling (FPS). We then build a sparse an-
chor k-NN graph G4 = (V4,E4) with V4 = A and edges
connecting each anchor to its Euclidean k 4 nearest anchors,
weighted by Euclidean distances. Running Dijkstra’s algo-
rithm [Dijkstra, 1959] from each anchor on G4 yields an
anchor-to-anchor shortest-path matrix:

DA c RMXM’

D 4(u,v) = distg , (ay, av). 2)

This D 4 is the output of GDA and is reused by all subsequent
modules.

Nearest-anchor geodesic approximation
For each point x;, we assign its nearest anchor:

a(i) = arg min ||x; — a|, 0; = |lz; — a(@®)|. 3)
acA

We approximate the geodesic distance between two points x;

and z; by the nearest-anchor mediated form:

dg(wi,z5) = 0 + Dala(i),a(y)) + d;. “)

In practice, D 4 is precomputed once per input for efficiency,
while cfg (-, -) is evaluated on demand when forming neighbor-
hoods and computing relational cues (Fig. 2(c)). Remark.
Although tfg in Eq. (4) uses Euclidean offsets §; and Eu-
clidean edge weights to build the sparse anchor graph, the
topology-aware term D 4(a(i),a(j)) (anchor shortest paths)
is what suppresses cross-surface shortcuts and drives our
neighborhood ranking and relational modeling.

3.3 Manifold-Aware Feature Extractor (MAFE)

MAFE injects manifold-aware cues into hierarchical fea-
ture learning (Fig. 2(a)) via three components: (1) Geodesic
Neighborhood Grouper (GNG) for geodesic neighborhood
construction, (2) Geodesic-Relational Attention Transformer
(GRA-T) for geodesic-aware relational aggregation, and (3)
Manifold Positional Embedding (MPE) for global manifold-
aware position encoding.



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

Geodesic Neighborhood Grouper (GNG)

GNG hierarchically downsamples the input point cloud us-
ing FPS to obtain multi-level subsets. For each center point,
instead of using Euclidean k-NN, we form its neighborhood
using the anchor-based geodesic cue czg in Eq. (4). To reduce
cost and improve stability under partial inputs, we first pre-
select a local candidate set C(i) by Euclidean L-NN (L =
pk,p > 1), and then rerank candidates using cZg to obtain
geodesic neighbors N (7).

Ng(i) = TOijeC(i)( - dg(piapj))~ (%)

The features of neighbors in N, () are aggregated to form

local descriptors at each level, yielding geodesic-consistent
features for subsequent attention blocks.

Geodesic-Relational Attention Transformer (GRA-T)
We propose GRA-T (Fig. 2(c)) to integrate geodesic cues into
local attention. Unlike conventional attention that relies on
Euclidean neighborhoods, GRA-T uses the geodesic neigh-
borhood N, (¢) and an explicit geodesic-relational embedding
to enhance semantic coherence and structural fidelity.

Given features ' € RE*™ and coordinates P € R3*™ at
a pyramid level, we compute linear projections Q = WgF,
K =WgF,V = Wy F. For each center point p; and neigh-
bor p; € N, (i), we build a geodesic-relational embedding:

Tij = ¢([Qi = kj, ¥ (pi =), n(ozg(pi,pj))]) €RY, (6)

where ¢ is an MLP, and ¢ (-) and 7)(-) embed relative coordi-
nates and geodesic cues, respectively. We then apply channel-
wise softmax along the neighbor dimension:

(© exp (1 ))
) = , c¢c=1,...,C. (7)
t (e)
> exp (7,
pENy(i)
Finally, we aggregate neighbor values with element-wise
(channel-wise) weighting:

fi= ;o +vmi—p)). ®)
pj ENg (4)
Here «;; € R and © denotes channel-wise multiplication,
matching the “Element-wise Product” block in Fig. 2(c).

Manifold Positional Embedding (MPE)

To strengthen global manifold awareness, we introduce MPE
that encodes global geometric context into each point’s rep-
resentation. For a point p;, we first identify its closest anchor
a(i) € A. We then construct an anchor-distance vector by
retrieving the geodesic distances from p; to all anchors, and
concatenate it with the point feature:

fiaug: [fi?dg(pi7~'4)]7 (9)
where cfg (pi, A) € RI4I denotes the geodesic distance vector
from p; to all anchors in .A. This embedding provides a com-
pact encoding of the point’s global location on the manifold
and facilitates better semantic discrimination and geometric
consistency.

In summary, MAFE injects intrinsic geometric priors into
the feature extraction pipeline by explicitly modeling both lo-
cal (geodesic grouping + geodesic-relational attention) and
global (anchor-based manifold position) structures.
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Figure 4: Illustration of the geodesic-relational attention in GRA-
T. For each center point, neighborhoods are obtained by Euclidean
candidate preselection followed by reranking with the anchor-based
geodesic cue Jg. The geodesic cue is.embedded and fused into at-
tention to produce channel-wise weights for feature aggregation.

3.4 Coarse Completion and Upsample Model

Following manifold-aware feature extraction, we adopt a
standard coarse-to-fine completion decoder. We first gen-
erate a coarse completed point cloud and then progressively
refine and upsample it with a transformer-based upsampling
module. This decoder follows common practice in prior com-
pletion architectures (e.g., coarse-to-fine refinement[Zhou er
al.; 2022]) and serves to convert the enhanced manifold-
aware features into dense point sets.

3.5 Loss Function

We adopt the Chamfer Distance (CD) [Fan e al., 2017] as the
primary loss for supervising all stages:

L=Lcp(PQ)+ Y Lon(PiQ), (10)

i=1

where P, denotes the initial coarse output, P; are intermedi-
ate/refined outputs, () is the ground-truth point cloud, and n
is the number of refinement stages. This multi-stage super-
vision encourages progressive alignment and stable training.

4 Experiments

In this section, we conduct a comprehensive evaluation of the
proposed method on several widely-used benchmark datasets.
We begin by introducing the datasets and evaluation proto-
cols, followed by quantitative comparisons with state-of-the-
art methods. We also provide qualitative visualizations to fur-
ther demonstrate the effectiveness and generalization capabil-
ity of our approach.

4.1 Datasets and Evaluation Metrics

We evaluate our method on a range of synthetic and real-
world datasets, including PCN [Yuan et al., 2018], ShapeNet-
55 [Yu et al., 20211, ShapeNet-34, ShapeNet-Unseen2l1,
MVP [Pan et al., 2021], and KITTI [Geiger et al., 2012].
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Methods \ Average \ Plane Cabinet Car Chair Lamp Couch Table Watercraft
FoldingNet [Yang et al., 2019] 14.31 9.49 1580 12.61 1555 1641 1597 13.65 14.99
TopNet [Tchapmi et al., 2019] 12.15 7.61 1331 1090 13.82 1444 1478 11.22 11.12
AtlasNet [Groueix er al., 2018] 10.85 6.37 11.94 10.10 12.06 1237 1299 10.33 10.61
PCN [Yuan er al., 2018] 9.64 5.50 2270 10.63 870 11.00 11.34 11.68 8.59
GR-Net [Xie et al., 2020] 8.83 6.45 10.37 945 941 796 1051  8.44 8.04
SnowFlake [Xiang et al., 2021] 7.19 4.24 9.27 820 775 596 9.25 6.45 6.37
AdaPoinTr [Yu er al., 2023] 6.53 3.68 8.82 747 685 547 8.35 5.80 5.76
SeedFormer [Zhou ef al., 2022] 6.74 3.85 9.05 806 7.06 521 8.85 6.05 5.85
PointSea [Zhu et al., 2025] 6.35 3.61 8.54 733 658 521 8.24 5.75 5.62
CRA-PCN [Rong et al., 2024] 6.39 3.59 8.70 750 670  5.06 8.24 5.72 5.64
ODGNet [Cai et al., 2024] 6.50 3.77 8.77 756 684  5.09 8.47 5.84 5.66
PointAttN [Wang er al., 2024] 6.86 3.87 9.00 7.63 743 590 8.68 6.32 6.09
PointCFormer [Zhong er al., 2025] | 6.41 3.53 8.73 732 6.68 5.12 8.34 5.86 5.74
Ours | 6.32 | 3.58 8.59 745 656  4.92 8.27 5.76 543

Table 1: Category-wise CD values (x10~2) on the PCN dataset. Lower is better.

Evaluation Metrics. We employ the following standard
metrics to comprehensively assess completion quality:

¢ Chamfer Distance (CD): Measures the average closest-
point distance between the predicted and ground-truth
point sets. We report both L; and L variants as com-
monly adopted in the literature.

e F-score: The harmonic mean of precision and recall,
computed with a predefined threshold. It reflects the fi-
delity and completeness of the reconstructed shape.

4.2 Comparison to the State-of-the-Art

Table 1 reports the category-wise CD values (lower is bet-
ter) on the PCN dataset. Our method achieves the lowest
average CD of 6.32, outperforming all prior state-of-the-art
approaches. Notably, our approach obtains the best results in
three out of eight categories, including ‘Chait’ (6.56), ‘Lamp’
(4.92), and ‘Watercraft’ (5.43), while remaining competitive
on the other categories, indicating strong generalization to
both simple and complex geometries. Qualitative results fur-
ther highlight these advantages.” For instance, in the first
example of Figure 6, our method reconstructs a chair with
multiple thin crossbars, restoring each slat with clear bound-
aries, whereas prior methods often produce blurred or miss-
ing connections and fail to preserve fine structural details.
Our method achieves state-of-the-art results on ShapeNet-55,
consistently outperforming all baseline methods across sim-
ple, medium, and hard settings (as shown in Table 2). Re-
markably, despite adopting a more challenging whole-shape
completion protocol—where the network must predict the en-
tire object rather than only the missing regions—our model
achieves the lowest CD value at every difficulty level [Zhu
et al., 2025]. For example, on the hardest split (CD-H),
our method attains a CD of 1.09, a substantial improvement
over the best competing methods. As can be seen, our ap-
proach exhibits excellent generalization ability, maintaining
top performance on both seen and unseen categories, which
demonstrates its robustness and applicability to new object
classes. Moreover, our method demonstrates strong gen-

eralization: it achieves leading results not only on the 34
seen categories but also on the 21 unseen categories, with a
CD-Avg of 0.64 and 1.05, respectively. These results con-
firm the effectiveness of our manifold-aware feature extrac-
tion in handling both familiar and novel object classes, and
emphasize the broad applicability of our framework to di-
verse and complex shape completion scenarios. On the MVP
dataset, where both the input and output point clouds con-
sist-of 2048 points, our method achieves state-of-the-art re-
sults, as summarized in Table 3. Specifically, our approach
obtains the lowest CD (CD-/5) of 4.58 x 10~* and the high-
est F-Score@1% of 0.573. These results represent a relative
improvement of 2.8% in CD and 2.6% in F-score compared
to the previous best-performing method, AdaPoinTr (CD-/¢5:
4.71, F-Score@1%: 0.545). Following the evaluation pro-
tocol of Zhou et al., we further assess our model—trained
solely on the PCN dataset—under realistic conditions charac-
terized by significant noise and sparsity. As illustrated quali-
tatively in Figure 5 and quantitatively in Table 4, our method
delivers competitive performance; note that the reported FD
is the one-sided CD from the partial input to the prediction,
thus methods that explicitly include the partial input in their
outputs (e.g., PoinTr) can obtain FD= 0 by design. Overall,
our method achieves state-of-the-art quantitative results and
high-fidelity qualitative reconstructions across all four bench-
marks, demonstrating both its effectiveness and versatility.

5 Ablation Study
5.1 Effect of Different Module Combinations

To assess the individual and joint contributions of the
Geodesic-based Neighborhood Grouper (GNG), Geodesic-
Relational Attention Transformer (GRA-T), and Manifold
Positional Embedding (MPE), we perform comprehensive
ablation experiments, as reported in Table 5. Introducing ei-
ther GNG or GRA-T alone leads to a substantial reduction in
CD, lowering it from 6.74 to 6.42 and 6.39, respectively, rela-
tive to the baseline. This indicates that both modules indepen-
dently enhance local geometric feature extraction. However,
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ShapeNet-55

Seen ShapeNet-34

Unseen ShapeNet-21

Method CD-S CD-M CD-H CD-Avg|F@!%|cp-s cD-M CD-H cD-Avg|F®1%|cD-s cD-M CD-H CD-Avg|F@1%
FoldingNet 267 266 4.05 312 | 0082|186 181 338 235 |0.139 276 274 536 3.62 | 0.095
PCN 1.94 196 408 266 |0.133 | 1.87 1.81 297 222 |0.154|3.17 3.08 5.29 3.85 | 0.101
TopNet 226 216 430 291 0.126 | 1.77 1.61 354 231 0.171 | 2.62 243 544 350 | 0.121
GRNet 1.35 1.71 285 197 | 0238 | 1.26 1.39 257 1.74 | 0251 | 1.85 225 4.87 299 | 0.216
SnowFlake 0.70 1.06 1.96 124 | 0398 | 0.60 0.86 1.50 099 | 0422|088 146 292 1.75 0.388
AdaPoinTr 049 0.69 124 081 0.503 | 048 0.63 1.07 0.73 | 0469 | 0.61 096 2.11 1.23 | 0416
SeedFormer 0.50 0.77 149 092 | 0472|048 0.70 1.30 0.83 0452 | 0.61 1.07 2.35 1.34 | 0.402
CRA-PCN 048 0.71 137 085 |0455]|045 0.65 1.18 0.76 | 0451|055 097 219 1.24 | 0.412
PointSea 043 064 1.19 075 | 0485|040 057 1.00 066 | 0492|050 0.88 192 1.10 | 0.541
AnchorFormer| 041 0.61 126 0.76 | 0.558 | 0.41 0.57 1.12 0.70 | 0.564 | 0.52 090 2.16 1.19 | 0.535
PointCFormer | 042 0.64 1.15 0.73 | 0499 | 041 055 1.03 0.66 | 0459|053 088 1.97 1.12 | 0.420
ODGNet 047 0.70 1.32 0.83 0437 | 0.44 0.64 1.14 0.75 0451 | 0.59 1.01 2.26 1.29 | 0415
Ours | 041 057 1.09 0.69 | 0469 | 040 053 099 0.64 | 0489 | 045 0.80 191 1.05 | 0415
Table 2: Quantitative results on the ShapeNet55/34 [Chang et al., 2015] dataset for three difficulty levels. CD-L2 x 1073,

Model #Points CD-{2 F-Score@1% Input AdaPoinTr GRNet Ours

PCN 2048 9.77 0.321

TopNet 2048 10.11 0.308

PoinTr 2048 6.15 0.456

AdaPoinTr 2048 4.71 0.545

CRA-PCN 2048 533 0.529

SymmCompletion 2048 4.89 0.534

Ours 2048 4.58 0.573

Table 3: Results on the MVP validation set. Both inputs and outputs
contain 2048 points. We report CD-¢2 (multiplied by 10,000) and
F-Score@1% for each method (including SymmCompletion[Yan ez
al., 2025])

Methods  PoinTr PointAttN SymmCompletion Ours
FD (}) 0.0 0.67 2.54 1.35
MMD () 8.21 0.50 0.93 0.31

Table 4: Quantitative comparison on the KITTI dataset in terms of
FD and MMD.

combining GNG and GRA-T without MPE results in only a
marginal further improvement (CD: 6.41), suggesting partial
redundancy in their modeling of local context. In contrast,
adding the MPE module yields more pronounced gains when
paired with either GNG (CD: 6.38) or GRA-T (CD: 6.35),
highlighting the importance of global manifold-aware posi-
tional information in resolving local ambiguities. The full
configuration, integrating GNG, GRA-T, and MPE, achieves
the best performance with a CD of 6.32, demonstrating that
these components are complementary and jointly critical for
optimal feature representation and shape completion accu-
racy.

5.2 Replacing Different Baseline Backbones

To further demonstrate the generality and adaptability of
the proposed MAFE module, we substitute it as the feature
extraction component into several representative backbone
frameworks, as summarized in Table 6.

Figure 5: Completion results on the KITTI dataset. Our method
recovers plausible shapes under real-world noise and sparsity.

GNG GRA-T MPE CD)

6.74
6.42
6.39
6.64

6.41
6.38
6.35
6.32

N
|
|
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N
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NSNS

Table 5: Ablation study of different MAFE module combinations on
PCN.

For both SnowflakeNet and SeedFormer, replacing the
original PointNet++ (PNet++)-based feature extractor with
MAFE leads to consistent and substantial improvements in
reconstruction accuracy, reducing the CD loss from 7.19 to
6.46 in SnowflakeNet and from 6.74 to 6.32 in SeedFormer.
For SVDFormer, the improvement is more modest (CD de-
creases from 6.54 to 6.41). We attribute this to the unique
design of SVDFormer, whose feature extractor leverages ad-
ditional auxiliary information derived from the input point
cloud, such as generated multi-view images, to enhance com-
pletion.

Overall, the results demonstrate that MAFE offers consis-
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Figure 6: Qualitative results on PCN: our method better restores fine structures and complex topologies compared to prior approaches.

Backbone Feature Extraction CDJ
SnowflakeNet PNet++ 7.19
SnowflakeNet MAFE 6.46
SVDFormer SVFNet 6.54
SVDFormer MAFE 6.41
SeedFormer PNet++ 6.74
SeedFormer MAFE 6.32

Table 6: Ablation study: Performance improvement when replac-
ing different backbones’ feature extraction modules with MAFE on
PCN.

Anchor Points CDJ Time (ms)
64 6.40 23.11
128 6.32 26.58
256 6.32 35.02
2048 - 853.12

Table 7: Effect of anchor point number on completion performance
and inference speed on PCN.

tent benefits across diverse backbone architectures.

5.3 Impact of Anchor Point Number

We investigate the effect of the anchor set scale on both model
accuracy and computational efficiency through controlled ab-
lation studies, with results summarized in Table 7. As shown,
increasing the number of anchor points from 64 to 128 leads
to a noticeable improvement in completion accuracy, with the
CD decreasing from 6.40 to 6.32, while maintaining a mod-
est increase in inference time (from 23.11 ms to 26.58 ms).
Further increasing the anchor count to 256 yields no addi-

tional gains in accuracy (CD remains at 6.32) but results in
higher inference latency (35.02 ms), highlighting diminishing
returns beyond 128 anchors.

Setting the anchor count equal to the number of input
points (2048) effectively removes the abstraction layer, ne-
cessitating geodesic distance computations across all points.
This configuration is computationally prohibitive, as evi-
denced by a dramatic increase in inference time to 853.12 ms
and infeasible memory usage, making it unsuitable for prac-
tical deployment.

6 Conclusion

In this work, we proposed a manifold-aware point cloud com-
pletion framework that explicitly integrates geodesic distance
estimation and manifold-structured attention into the feature
extraction process. By capturing the intrinsic nonlinear ge-
ometry of point clouds, our method significantly enhances
both geometric fidelity and semantic consistency in recon-
structed shapes. Comprehensive evaluations across multiple
standard benchmarks confirm that our approach consistently
surpasses prior state-of-the-art methods, especially in chal-
lenging scenarios with sparse or incomplete observations. We
plan to extend our framework to handle dynamic scenes and
to explore its integration with multi-modal sensory inputs,
aiming to further improve robustness and applicability in real-
world environments.
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