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Abstract

Recovering point clouds involves the sequential process of
sampling and restoration, yet existing methods struggle to ef-
fectively leverage both topological and geometric attributes.
To address this, we propose an end-to-end architecture named
TopGeoFormer, which maintains these critical properties
throughout the sampling and restoration phases. First, we re-
visit traditional feature extraction techniques to yield topolog-
ical embedding using a continuous mapping of relative rela-
tionships between neighboring points, and integrate it in both
phases for preserving the structure of the original space. Sec-
ond, we propose the InterTwining Attention to fully merge
topological and geometric embeddings, which queries shape
with local awareness in both phases to form a learnable 3D
shape context facilitated with point-wise, point-shape-wise,
and intra-shape features. Third, we introduce a full geom-
etry loss and a topological constraint loss to optimize the
embeddings in both Euclidean and topological spaces. The
geometry loss uses inconsistent matching between coarse-
to-fine generations and targets for reconstructing better geo-
metric details, and the constraint loss limits embedding vari-
ances for better approximation of the topological space. In
experiments, we comprehensively analyze the circumstances
using the conventional and learning-based sampling/upsam-
pling/recovery algorithms. The quantitative and qualitative
results demonstrate that our method significantly outperforms
existing sampling and recovery methods.

Code — https://github.com/ky-zhou/TopGeoFormer

1 Introduction

Current 3D scanning technologies are essential for capturing
detailed representations of objects, environments, or even
entire landscapes in the form of dense point clouds. They
generally achieve high accuracy and resolution, especially
for small objects. Here, we define recovery as the pro-
cess of both downsampling and subsequent restoration of
a point cloud. To integrate data from various remote de-
vices efficiently, point cloud recovery becomes a fundamen-
tal methodology in various applications, ranging from re-
mote robot maneuver, augmented reality interaction, to med-
ical surgery interaction. As an emerging field, it is differ-
ent from point cloud completion, because the focus shifts
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Figure 1: Overview of an aircraft and front views of recov-
ered details. More details such as continuity and curvature
(propeller, fuel tank, and wing) are preserved by our method.

from dealing with imperfection to efficiently sampling and
restoring the point cloud while minimizing information loss.
Moreover, point cloud completion requires transmitting the
entire input directly to the decoding phase, which inherently
conflicts with the purpose defined in recovery. In contrast to
compression (Schwarz et al. 2018) focusing solely on trans-
mission efficiency, recovery aims to jointly optimize both
geometric fidelity and transmission efficiency.

The quality of recovered points depends on the procedure
of sampling and restoration. An intuitive paradigm generally
utilizes a traditional downsampling algorithm, farthest point
sampling (FPS), cascaded by a followed upsampling method
for this task. However, such a two-stage pipeline may lead to
the loss of fine details due to the nature of FPS, which aims
to uniformly sample points on a surface. On the contrary,
the sampling process is essential to the overall reconstruc-
tion accuracy, since point cloud sampling must maintain the
integrity of spatial relationships between points while bal-
ancing geometric fidelity with data volume. This is more
challenging than image downsampling techniques due to the



orderless nature of point clouds.

To compensate for this tradeoff, existing point cloud re-
covery methods tend to learn displacements based on FPS-
sampled points to capture the geometric pattern. Point Set
Self-Embedding (Li et al. 2022) (PointSE) was first pro-
posed to explore this domain, using an end-to-end paradigm
for sampling and restoring objects represented by point
clouds. However, it directly formulates the topological fea-
tures using many k-nearest-neighbors (kNN) operations
without fully leveraging that rich information with the
shape, resulting extremely more expensive computation and
less effective results. Meanwhile, the Chamfer distance (CD)
loss is applied on recovered point clouds with their ground
truth counterparts in a consistent manner, producing predic-
tions with fewer local geometric details.

In this paper, we focus on the extremely under-explored
research field, i.e., point cloud recovery, by proposing Top-
GeoFormer for preserving both topological and geometric
attributes. First, we formulate a Down-Preservation module
generating a 3D shape context to capture intra-shape fea-
tures. Instead of directly mapping the 1D global code to the
Euclidean space, we devise the InterTwining Attention (ITA)
that queries a general learnable 2D shape code with point-
wise features guided by topological embeddings to con-
textually encode local geometric patterns. Second, we pro-
pose an Up-Preservation phase, which integrates ITA, Up-
Preserving Attention (UPA), and residual multi-layer per-
ceptrons (MLPs), aiming to restore dense points. Third, to
learn explicit local details, we propose to optimize the net-
work based on the inconsistent mappings between the re-
stored point clouds at various resolutions and the ground
truth. Comparing to consistently matching the ground truth
resolution with generations, this strategy effectively refines
the local details of the coarse point clouds produced by inter-
mediate layers. Lastly, we propose a topological constraint
loss to guide the optimization process, which limits embed-
ding variance in the latent space and slightly enhances re-
covery performance. By such designs, we achieve superior
performance compared to state-of-the-arts by a large mar-
gin in terms of both sampling and recovery tasks. Qualita-
tive results indicate that sampled and restored objects exhibit
significantly more original and realistic local geometry. We
summarize our contributions as follows:

* We revisit traditional feature extraction to fully explore
the utility of topological embedding, which is subtraction
relations between a local centroid and its neighbors. Such
embedding is essential to guide intra-shape features for
precise sampling and restoration.

To merge topological and geometric embeddings, we
propose intertwining attention by interacting local and
point-wise features with the rough global shape code,
which can be transformed to intra-shape features to fur-
ther enrich the current shape information for closely re-
sembling the original structure.

Our losses are specifically designed for the proposed
paradigm with respect to both Euclidean and topological
spaces for preservation of fine-details. The full geometry
loss always utilizes ground truth to guide coarse-to-fine
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predictions, and the topological constraint loss ensures
the encoded embeddings to remain coherent with their
original local structures.

2 Related Work

Point Cloud Sampling. Point cloud sampling (downsam-
pling) methods (Li, Chen, and Lee 2018; Dovrat, Lang, and
Avidan 2019; Lang, Manor, and Avidan 2020; Wu et al.
2023) are generally integrated with understanding and re-
construction downstreams. Our method can be categorized
as reconstruction-oriented sampling that preserves shape de-
tails without any semantic priors (Liu et al. 2024a).

Point Cloud Upsampling. Point cloud upsampling falls
into three main types: shuffle-based (Yu et al. 2018; Qian
et al. 2021; Luo et al. 2021; Ye et al. 2021; Qiu, Anwar, and
Barnes 2022), tile-based (Wang et al. 2019b; Li et al. 2019,
2021; Rong et al. 2024), and others based on implicit func-
tions (Ma et al. 2021; Feng et al. 2022; Zhao et al. 2022;
He et al. 2023), diffusion models (Qu et al. 2024), or other
modalities (Qian et al. 2020; Zhao, Hui, and Xie 2021; Liu
et al. 2024b; Yang et al. 2024). This task generally restores
uniform points and fills small holes, which differentiates
from recovery that focuses more on restoring details.

Point Cloud Completion. Point cloud completion is analo-
gous to recovery by merging restoration and upsampling into
an individual network. However, serving as a rough guid-
ance, the partial input is inappropriate for recovery where
the input that is the entire point cloud should remain un-
known during recovery. Without other priors rather than co-
ordinates, PCN (Yuan et al. 2018) was first proposed to en-
lighten many classic methods (Tchapmi et al. 2019; Wen
et al. 2021; Xiang et al. 2021; Cui et al. 2023). Recent meth-
ods are developed using transformers (Yu et al. 2021; Zhou
et al. 2022; Li et al. 2023; Chen et al. 2023; Zhu et al. 2023)
or semantic information (Xu et al. 2023a; Xiang et al. 2023;
Xia et al. 2023; Xu et al. 2023b; Zhou et al. 2024).

Point Cloud Recovery. Pioneering the realm of recov-
ery, PointSE presents an end-to-end network to sample and
restore point clouds simultaneously (Li et al. 2022). As
the only method in the community, it proposes that such
a paradigm is well suited for long-range communication
scenarios, where processing or transmitting the entire point
cloud can be impractical due to data volume constraints.

3 Methodology of TopGeoFormer

In this work, we address the task of point cloud recov-
ery while preserving the target’s topological and geometric
properties. As the overview shown in Fig. 2, our network has
an end-to-end architecture, comprising a down-preservation
(DP) phase and two up-preservation (UP) phases. Given a
point set P = {p;|i = 1,..,N} € R¥*3 we aim to
learn a mapping function f that transforms p € P con-
tinuously into a sampled point cloud R, representing the
coarse shape that closely resembles the original shape P,
and then into a restored point cloud R. Such transformation
process can preserve the topological and geometric proper-
ties if the mapping function f is continuous and the local
Euclidean neighborhoods exhibit sufficient overlap across
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Figure 2: Architecture of our TopGeoFormer (a) consists of a Down-Preservation (DP) phase and two cascaded Up-Preservation
(UP) phases, to preserve both topological and geometric attributes. (b) The learnable 2D shape code S is (c) intertwined with
latent embeddings to reflect tangent-space structures. (d) Assisted with ITA, UPA preserves similar features for restoration.

submanifolds. Therefore, we aim to improve recovery ca-
pacity in terms of shape details based on topological and ge-
ometric attributes. We name our approach as the Topology-
Geometry Preserving Transformer (TopGeoFormer), even
though it is inherently a local method (Ma and Fu 2012).

3.1 Down-Preservation

Accurate downsampling plays a crucial role in precise ob-
ject recovery, as the shape code s (typically encoded by
PointNet-like (Qi et al. 2017a) structures (Qi et al. 2017b;
Wang et al. 2019a)) provides essential guidance for deter-
mining a general destination where a seed should move to.
Generally, s encodes partial topological and geometric in-
formation of the manifold M. However, directly mapping a
shape code s to formulate seeds may introduce additional
noise (Xiang et al. 2021). Moreover, simply concatenating
s with the non-differentially sampled points still limits the
comprehensive awareness on local details, since gradients
cannot flow back fluently to update local features.
Extracting Topological and Geometric Embeddings. To
preserve more local information, instead of only mapping
the shape code to a coarse point cloud, we revisit Point-
Net++ (Qi et al. 2017b) and DGCNN (Wang et al. 2019a)
to additionally reuse the topological information formulated
during shape code extraction. Fig. 2(a) shows the structure
of our DP phase. Given P, we extract the shape code s €
R'*%s through a feature extraction module consisting of
three set abstraction (SA) layers. Each SA layer is composed
of FPS and local grouping based on k-nearest-neighbors
(kNN), generating FPS-sampled points Py € RMNa¢X3 ag
the geometric embedding and their corresponding features
X, € RNaxC1 gg

Xd = MLP(Cat(Pd,(Sd)),(Sd = MLP(D). (])

where Np(p;) denotes the k neighbors of p; € P, the sub-
traction operation D; = {p;—p;|p; € Np(p;)} in Euclidean
space yields a vector that represents both the magnitude and
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direction between points, forming the foundation for topo-
logical embedding. The subscript d in Eq. 1 denotes the first
SA layer, representing the set that non- differentially sam-
pled points belong to. We map D = {D; } V¢, € RNaxkx3 o
a higher-dimensional latent space RV *kX™ (where m > 3)
using an MLP as the continuous map. The MLP can capture
complex and fine-grained topological structures, such that
X4 preserves the key topological embeddings (e.g., connec-
tivity) of the original space. Finally, a max-pooling operator
aggregates features in Xy along the neighborhood dimen-
sion, achieving topological invariant while capturing promi-
nent topological features and resisting to small local pertur-
bations.

During feature extraction, we set the downsampling ratios
for the SA layers to 4, 16, and N, respectively, and retain Py
and X, from the first SA for subsequent steps. Preserving
local nearest neighbors ensures that the underlying mani-
fold of a point cloud is respected when encoding the data
into a different (latent) space during dimensionality reduc-
tion. Therefore, we concatenate X; with s and feed it into
a residual MLP (ResMLP) to formulate a 2D point-shape
fusing code S € RN¢XC1 that comprehensively mixes the
local awareness of each point with the overall shape:

S = ResMLP(Cat(X4, Repeat(s)), 2

where s is duplicated to fit the size of X;. By merging
shape information, .S’ also makes the network permutation-
invariant, an essential property for point cloud recovery,
given that points may be transmitted asynchronously from
different remote sources. Moreover, S serves as a compact
latent encoding of the manifold M in the DP phase, which
is designed to preserve the topological properties (such as
continuity, connectedness) of the original point set P. Thus,
S encapsulates the structure of the manifold M onto which
the point set P or its subsets P; are mapped. Essentially,
S encodes both the geometric and topological structure of
M, allowing the reconstruction of the shape in Euclidean



space via tangent space approximations that preserve the lo-
cal structure of the manifold.

Intertwining Attention. In order to establish a point-wise,
point-shape, and intra-shape context in the manifold, we
propose to feed S into a topology-geometry intertwining at-
tention (ITA) module for mapping the latent embeddings
guided by tangent space approximations back to the Eu-
clidean space. This process is illustrated in Fig. 2(b). In
ITA, S is first transformed by three linear MLPs, denoted
as g, Vg, and ng, respectively. Simultaneously, the topo-
logical embedding 4 is used to guide the 2D shape code
S that describes a general shape (such as a plane sketch),
formulating a 3D shape context that encodes local patterns
intertwined with a group of 2D shape codes. The benefit of
this operation is twofold: (i) it reduces redundant neighbor
computations; (ii) it preserves exhaustive local pattern with
respect to P. Recall that X; merely represents a rough mea-
sure of connectivity due to dimensionality reduction. Here,
we aim to learn a more comprehensive manifold by interact-
ing all intra-shape features (representing a same shape) with
local embeddings 4 to enrich the shape information. The
attention vector Hy is formulated as:

Z p(Y(0a(S) — ¥a(S) + 64))@(na(S) + 8a),
P €N (pi)

Hd = {hl}f\gl S RNdXC,

hi

3

where Ny is the number of downsampled points, p is the
Softmazx activation function, «y is an MLP layer with two
linear layers and a ReLu nonlinear activation function, C'
is the dimension of feature, and all transformations of S
are broadcasted or grouped to match the dimension of §; €
RNaxkxC Finally, we feed these intertwining attention vec-
tors H, into another ResMLP to regress the displacement
vectors AP, € RNax3.

AP, = tanh(Ky), Kg = ResMLP(Hy), )

which are added back to the non-differentially sampled
points P, eventually endowing differentiability to these
points as Ry € RNax3:

Ry = P;+ AP;,. (5)

Our sampling (DP) is designed to locally preserve both
topological and geometric embeddings. Since the features of
all (sampled) points are differentiable, the encoded features
comprehensively reflect the topological structure of a point
cloud throughout sampling and restoration phases.

3.2 Up-Preservation

To generate geometric details while precisely preserving
topological properties, we propose to progressively restore
the point cloud in a coarse-to-fine manner. We devise this
preservation procedure to be two cascaded UP phases. For
simplicity, we primarily describe an individual UP in Fig. 2
in this section. We denote the input to the UP phase as
P,,. for general expression, where P,,.. = Ry in the first
UP phase. Inspired by decoders using transposed convolu-
tion (Xiang et al. 2021; Zhou et al. 2022), we adopt their
self-attention layer to predict displacements for upsampled
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points. Furthermore, we update the upsampling features by
interpolating the generated points, and cooperate the pro-
posed ITA as a plug-in component with the Up-Preserving
Attention (UPA) in each UP module.

Interpolating features between sparsely distributed seeds
and generated points (Zhou et al. 2022) is impractical, since
seed features are prohibited from transmitting to the restora-
tion stage. Instead, we dynamically update the points to rep-
resent the trend for p; € P, to be upsampled in a small lo-
cal area. We thus calculate the weights to adjust point-wise
features as the geometric embedding X,,,.., which formu-
lates the upsampling feature with topological embedding as:

T *
T  T
jENPp7~C (Pz) Pi p]
where [Np, . (pi)| = 3 and p; € Ppy.. Parallelly, Py, is

encoded by a point-wise MLP to form X .. Both embed-
dings are then used to enrich the upsampling information in
the cascaded intertwining and up-preserving attentions.
We first use ITA to enhance the query @
ResMLP(Cat(X,, Maz(Xpre), Xpre)) for the following
UPA, and K = (@ if not present in the current phase. We
hereby substitute S with Maz(X,,.) as the updated 2D
shape code. d,, and its corresponding kNN indices are cal-
culated, since any kNN cache or local pattern is prohibited
from transferring between sampling and restoration phases
in the recovery task. Still, we can reuse such kNN cache in
the subsequent UPA to avoid duplicated computations.
Up-Preserving Attention. We leverage UPA as illustrated
in Fig. 2(d) to learn the attention vector for upsampling
while preserving the shape information. Let ¢,, and v, de-
note linear 1D convolution (1D Conv) layers for transform-
ing @ and K, and 7, a ResMLP for concatenating () and
K to formulate the value vector V. Without loss of gener-
ality, notations such as @, K, V/, etc., omit the index of the
current UP phase. Meanwhile, we use an MLP to map X,
to the same dimension of V. With the additional upsampling
feature X,,, we then use an MLP ~,, consisting of a linear 2D
layer, a ReLu nonlinear layer, and a 2D transposed convo-
lution layer (2DConvT) to merge topological, upsampling,
and intra-shape features, formulating the attention vector H,,
in each UP. Akin to Eq. 4 and 5, the displacements are pre-
dicted using H,,. In a coarse-to-fine manner, the obtained R;
can be further used as P, in the next UP phase. Finally, the
restored point cloud R is obtained after two UP phases.

3.3 Optimization

Conventional coarse-to-fine methods for point cloud recon-
struction (Xiang et al. 2021; Zhou et al. 2022; Zhu et al.
2023) typically leverage progressive CD losses for optimiza-
tion. However, the target point cloud is matched to the same
size as the predicted point cloud using FPS, leading to less
information preserved during the coarse predictions. To ad-
dress this, we propose to optimize the coordinates at various
resolutions using the original-resolution ground truth as the
target. Hence, our full reconstruction loss is formulated as:

2
'cyeo = Z‘CC’D(RM-P)’ (7)
=0
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Figure 3: Qualitative visualizations. (a-c) guitar, piano, and plant in the random set. (d-e) chair and table in the partial set. Both
our sampling (DP) and recovery methods preserve plausible details and overall shape.

where R; is generated by the first UP phase, Ry = R, and
L ¢p represents the Chamfer distance (CD), formulated as:

1 . 1 .
Lep = W Z Iynelgﬂx =yl + @ Z gg},}”y —zlly,  (8)
zeP yER

where || - ||, denotes the Euclidean L2-norm of CD and | - |
is the magnitude of a matrix.

According to manifold learning (Belkin and Niyogi
2003), maintaining small variance in the encoded embed-
dings implies that the local linear approximations of the
manifold (i.e., the tangent spaces) are well-preserved during
encoding. This means that local neighborhoods in the origi-
nal space, which lie on the manifold, remain coherent in the
encoded space (Ma and Fu 2012). Therefore, we propose
to constrain the encoded embeddings to have small variance
as illustrated in Fig 2(c), such that embeddings that differ
substantially are limited to overwhelm others. Formally, we
denote the topological embedding constraint loss as follows:

2 N
Liop = ZZ mean(K?),

=0 i=1

where No = |Ro| = I N1 = |Ri| = §, N2 = |R;|

N, Ky = K4. Eq. 9 encourages the topological embeddings

to preserve local information mapped into the manifold.
Finally, the overall loss function can be formulated as:

L= )‘Egeo + Etopa (10)

where ) is empirically set to 1000. Eq. 10 corresponds to
optimizations on both geometric and topological levels, re-

®
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distributing both sampled and recovered points with respect
to preserving local shape details.

4 Experiment

Following point cloud reconstruction works (Li et al. 2022,
2019; Qian et al. 2021; Li et al. 2021; He et al. 2023),
we report metrics: Chamfer distance (CD), Hausdorff dis-
tance (HD) using PyTorch3D (Ravi et al. 2020), and Earth
mover’s distance (EMD) using (Liu et al. 2020). For quan-
titative experiments, we use: ModelNet40 (Wu et al. 2015),
and ScanObjectNN (Uy et al. 2019) to generate three sets:
uniform set, random set, and partial set. For generalization
studies and qualitative experiments, we use the collected 10
scenes (KITTI-10) from KITTI (Geiger et al. 2013) and 30
scenes (ScanNet-30) from ScanNet (Dai et al. 2017). Our
network is trained on an Nvidia RTX3090 GPU, with a batch
size of 32 for 120 epochs. We use the Adam optimization
with initial learning rate 0.005, which is decayed by 0.5 ev-
ery 30 epochs. During training, point sets are augmented
with random mirroring, scaling, and rotation, respectively.
Unless otherwise stated, all experiments are conducted with
our unified PyTorch implementations for fair comparison.

4.1 Point Cloud Recovery

Object-Level. Table 1 shows the comparisons between our
method and other recovery methods, where results in the
first 3 rows are directly reported from PointSE (separated
by a horizontal line). As the only work in point cloud recov-
ery, we re-implement PointSE in PyTorch (denoted as x).



Method Uniform Random Partial

CD HD EMD CD HD EMD CD HD EMD
PU-GCN .13 1.11 657 130 1.19 748 072 083 6.82
Dis-PU 099 129 624 1.14 141 732 063 099 641
PointSE 076 0.74 451 090 0.85 645 047 049 4.63
RepKPU 1.00 036 3.09 099 035 307 051 024 263
SampleNet 1.25 1.01 741 154 172 9.13 086 139 108
APES 083 0.88 336 085 095 333 046 122 292
PointSEx 085 035 293 086 034 297 038 015 257
Ours 063 029 282 062 029 282 026 0.18 239

Table 1: Quantitative comparison on recovery in terms of
CD (10%), HD (102), and EMD (102), between our methods
and state-of-the-art recovery and upsampling methods.

Method KITTI-10 ScanNet-30

CD HD EMD CD HD EMD
PointSEx  1.39 081 1.48 1.65 0.65 1.20
Ours 073 0.61 145 126 0.58 1.20

Table 2: CD (10°), HD (10%), and EMD (10*) comparison
on randomly selected scenes from KITTI and ScanNet.

For PyTorch-based evaluations, we compute the metrics for
RepKPU (Rong et al. 2024), SampleNet (Lang, Manor, and
Avidan 2020), APES (Wu et al. 2023), PointSEx, and our
method. It is worth noting that directly adapting comple-
tion methods (Xiang et al. 2021; Zhou et al. 2022; Zhu et al.
2023) into the recovery task generally performs worse than
baselines in Table 1, since completion emphasizes more on
the decoder with additional guidance from input. Compared
to the second best, our method reduces CD on the three sets
by 17%, 27%, and 32%, respectively, while also achieving
superior performance in terms of almost all metrics. The
upsampling methods, PU-GCN, Dis-PU, and RepKPU, use
FPS-sampled points as input. The result highlights the im-
portance of the sampling ability for shape recovery. More-
over, sampling methods, i.e., SampleNet and APES, gener-
ally perform worse than PointSE and ours, even though they
are cascaded with the same decoder (Xiang et al. 2021) for
adjusting from understanding-oriented into a reconstruction-
oriented paradigm. Note that, the decoder from Snowflak-
eNet requires a global shape code for rough seed generation,
while ours does not need to transmit any high-dimensional
code into the decoding phase. This further strengthens the
transmission’s efficiency from remote ends.

Meanwhile, we visualize the sampling and corresponding
recovery results in Fig. 3. Both our sampled and recovered
points better preserve the original details and overall distri-
bution. For instance, in (a-c), our method preserves the gui-
tar’s headstock, the chair beside piano, and the leaves of the
plant, respectively; and in (d-e), our method maintains either
more continuous edges or more accurate holes.
Scene-Level. On large scenes, we test the model trained on
the random set using the collected scenes from KITTI-10
and ScanNet-30. We first normalize a scene and then divide
it into patches with 2048 points. After recovery, the output
patches are merged back together using their respective nor-
malization parameters. Quantitative and qualitative results
are demonstrated in Table 2 and Fig. 4, where our method
consistently outperforms PointSEx, particularly with respect
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Figure 4: Recovery comparison on large scenes.

Method 4096 2048 1024 512

SampleNet 1.23/2.19 1.32/3.771 2.46/5.19 3.88/8.76
FPS 0.39/0.80 0.71/1.64  1.34/3.25 2.63/6.42
APES 0.45/1.22  0.85/2.41 1.64/4.69 3.25/9.17
Ours 0.36/0.75 0.69/1.51 1.31/2.99 2.54/5.88

Table 3: CD (10%) errors of sampling methods at different
resolutions using recovered/sampled points against GT.

to outline appearance.

4.2 Point Cloud Sampling

To demonstrate the superiority of our DP sampling module,
we test on the random set of ModelNet40 at various res-
olutions: 4096, 2048, 1024, and 512, with a sampling ra-
tio set to 4. For fair comparison, we use the same decoder
and loss (i.e., without our L4, and L;,,) of SnowflakeNet
for all sampling methods. Moreover, sampling-only net-
works (i.e., SampleNet, our DP) are trained independently
with GT as target if differentiable, and otherwise we di-
rectly compute CD of sampled points and GT from recovery
networks (i.e., FPS, APES). In APES, we adjust the sam-
pling ratios of its cascaded encoding layers be to 1 and 4
(ours 4 and 16), as we find that the original point number
in the first layer yields the best results. As shown in Ta-
ble 3, among all sampling methods, our sampling signifi-
cantly outperforms others across all resolution levels in both
recovery and individual sampling tasks by 7.69%/6.25%,
2.82%/7.93%, 2.23%/8%, 3.42%/8.41%, respectively. This
observation confirms not only the advantages of our de-
signs to preserve topological and geometric properties, such
as point-wise, point-shape and intra-shape correspondences,
but also the significance of the sampling process in recovery.
Furthermore, we visualize the sampled results at different
resolutions of GT in Fig. 5, where the downsampling ratio is
4. Compared to APES and FPS, our sampling method pre-
serves the clear track fairings on both wings of the aircraft,
validating the preservation capacity of our method.
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Figure 5: Sampling precisions. Track fairings are preserved.
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Figure 6: Predicted displacements. Darker blue represents
larger offset. Regions with more details are generally more
concentrated.

Displacement Prediction. Our network aims to learn dis-
placements to preserve fine details, and thus we visualize
the magnitude of those point movements in Fig. 6. Differ-
ent objects (aircraft and person) along with various instances
are demonstrated to highlight consistency and symmetry in
the results. For example, engines, wheels, and thin structures
like wings in aircraft, as well as hands, feet, and tools in per-
son are mostly concentrated by the method. These regions
typically have smaller scales and higher geometric variance,
which further demonstrates the preservation capacity of our
sampling method.

4.3 Complexity Analysis

To demonstrate the efficiency of our method, Table 4 com-
pares architecture parameters and FLOPS (G). Testing times
include evaluations for individual metrics (CD, HD, and
EMD). Notably, SeedFormer is only referenced for model
size comparison, as it requires additional seed features dur-
ing decoding. Evaluation times are indicated in parentheses.
PointSEx has more feature extraction modules, consisting
of multiple FPS sampling and kNN grouping operations.
While they do not contain any parameters, they extremely
increase the computational cost. Thus, our training time is
25% faster than PointSEx. We also include our small (S)
model to show that performance is still better than PointSEx
with fewer parameters. In summary, by eliminating redun-
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Method Param. Train Test FLOPS CD HD EMD
RepKPU 1.02M - 19s(11s) 9G 099 035 3.07
PointSEx 094M  4h  30s(25s) 41G 086 0.34 297
APES 227M  5h 355(29s) 48G  0.85 095 3.33
SeedFormer 2.27M - - - - - -
Ours (S) 0.46M 1.6h  20s(12s) 4G 0.66 029 2.78
Ours 2.03M  3h  24s(l4s) 4G 0.62 029 2.82
Table 4: Architecture complexity comparison.
Sampling Restoration Loss Metric
Py dq ITA | SPD UP | Lgeo Liop | CD  HD EMD
v - V4 Vv - V4 - 0.68 3.00 2.68
v v - Vv - Vv - 0.65 290 275
v vV Vv - - - 0.69 3.06 2.81
v vV Vv - Vv - 0.64 291 277
v vV Vv - Vv v 1063 291 283
v v - v Vv - 0.64 289 275
v v vV Vv v 062 289 282

Table 5: Ablation study on the random set of ModelNet40 in
terms of CD (103), HD (10%), and EMD (10?).

dant grouping calculations and leveraging the proposed ITA
module (only 0.08M parameters), our model achieves the
highest efficiency in both training and testing phases.

4.4 Ablation Study

We elaborate the ablation study in Table 5, where we eval-
uate the contributions of various components in both the
sampling and recovery phases. In the sampling phase, we
highlight the importance of the geometric and topological
embeddings, as well as the proposed ITA. In the restoration
phase, we compare the performance of different decoding
modules, including SPD (Xiang et al. 2021) and our pro-
posed UP. Note that, neither seed features (Zhou et al. 2022)
nor global code (Xiang et al. 2021) is transmitted to our
UP-based restoration phase. At last, we assess the signifi-
cance of the proposed losses, L4c, and Ly,,. Specifically,
the result of 2048 points without our proposed losses is also
provided in Table 3. With these designs, our overall archi-
tecture achieves the lowest CD and HD but slightly higher
EMD. This is because our predicted displacement prioritizes
preserving shape and boundaries over enforcing uniformity,
which is empirically a crucial factor for EMD.

5 Conclusion and Discussion

Unlike existing sampling and upsampling methods that fo-
cus on individual tasks, we propose an end-to-end network,
TopGeoFormer, for point cloud recovery. By encoding both
topological and geometric attributes, our method achieves
outstanding performance in both recovery and sampling
tasks. Extensive experiments demonstrate that our method
deliberately rearranges points for precise shape coverage,
leading the state-of-the-art. Our model can be deployed in
remote systems for energy-efficient processing and environ-
mental monitoring. We expect this study will serve as a foun-
dational contribution to future recovery research.
Limitation: TopGeoFormer is designed to favor non-
uniform inputs and assumes none or low levels of noise.
Moreover, since it is trained solely on complete objects, it
is not suited for predicting largely missing regions.
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