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Abstract. Dense 3D sensors in various real-world fields produce point
clouds that are geometrically redundant for real-time processing. In this
paper, we propose an efficient and scalable learning-based anisotropic
surface approximation framework, HD-PEA, that operates directly on
unstructured point clouds, integrating anisotropic optimization into re-
construction to produce compact, geometry-aligned surface representa-
tions with higher fidelity, fewer elements, and improved numerical sta-
bility compared to isotropic and adaptive meshes. Firstly, we develop a
novel learning-based high-dimensional (high-d) Euclidean point embed-
ding method to map the input point clouds into a high-d manifold embed-
ding space. For handling large-scale point clouds without retraining and
fine-tuning, a patch-based meta-embedding scheme is designed during
the inference stage. Then, we develop a new tangent subspace estimation
for the high-d embedding manifold approximation and anisotropic mani-
fold reconstruction in high-d space. The main contribution of this work is
to propose a scalable deep learning framework and a variety of datasets
for constructing a high-d Euclidean point embedding space aimed to 3D
anisotropic surface mesh approximation and Riemannian curvature ten-
sor estimation from point clouds. We extensively evaluate our method
against state-of-the-art surface reconstruction approaches using several
datasets, such as Thingi10K dataset, AIM@SHAPE and Stanford 3D
Scanning Repository, ScanNet dataset, and further demonstrate its gen-
eralization and usability on diverse unseen shapes and applications from
these datasets.

Keywords: High-d Euclidean embedding · Unstructured point clouds ·
Anisotropic surface mesh

1 Introduction

In robotics, autonomous driving, and AR / VR applications, dense 3D sensors
produce massive point clouds that are often too computationally expensive for
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real-time processing. Anisotropic surface meshes are therefore essential in geo-
metric modeling, computer vision, and computer graphics, as they enable more
accurate and efficient shape representations while significantly reducing compu-
tational cost. Unlike isotropic meshes, where the elements are as regular and
uniform as possible, anisotropic surface mesh representation uses elongated tri-
angles aligned with specific directions to optimize surface approximation, such as
following the curvature tensor’s eigenvalues and eigenvectors [32,58], leading to
higher geometric accuracy with fewer elements and to improve downstream geo-
metric processing efficiency. Different from existing anisotropic remeshing meth-
ods with the given input meshes [4,7,22,26,41,71,72], in this paper, we address
a more challenging cross-modality problem in approximating the anisotropic
surface mesh directly from unstructured 3D point clouds. The fundamental mo-
tivation of this work is to present a new manifold-guided surface reconstruction
framework to the synergic integration of anisotropic meshing and surface recon-
struction for effective 3D shape representation.

With the advancement of neural representations, learning implicit functions,
such as signed distance functions (SDFs), from point clouds has become a preva-
lent approach to surface reconstruction. To achieve high reconstruction accuracy,
they often rely on high-resolution Marching Cubes (MC) results [44], which gen-
erate densely sampled meshes with a large number of vertices and faces. Recent
neural meshing methods, such as NMC [15] and NDC [14], enhance Marching
Cubes and Dual Contouring [36] by learning vertex placements. VoroMesh [46]
refines vertex positions using Voronoi diagrams, while PoNQ [47] applies quadric
error metrics for optimization. However, most of these approaches still depend on
voxel-based representations, and they often fail to capture smooth surfaces and
geometric features accurately due to the resolution constraint. More recently,
LMR [68] proposes an adaptive meshing method that uses implicit surfaces and
surface curvature to generate resolution-adaptive and lightweight meshes. How-
ever, it does not address anisotropic mesh representation from point clouds, so
that there is still a gap between their adaptive meshing and the L2 optimal
approximation to a smooth surface, i.e., the anisotropy of triangles conforms to
the eigenvalues and eigenvectors of the curvature tensors [32,58].

This work addresses the above challenges in anisotropic surface mesh approx-
imation from unstructured point clouds. The main contributions are:
– Design a new computational framework to reconstruct high-quality anisotropic

surface meshes from unstructured point clouds;
– Develop a scalable neural high-d Euclidean point embedding that maps large-

scale point clouds onto a high-d manifold while preserving intrinsic Rieman-
nian metrics, overcoming the mesh-dependent limitation of prior anisotropy
losses, which prevents their direct application to point clouds;

– Develop a new tangent subspace approximation for the high-d embedding
manifold to construct uniformly sparse samplings and reconstruct anisotropic
meshes in the high-d space;

– Construct and release a variety of datasets for anisotropic surface mesh re-
construction and curvature tensor estimation along with the input point
clouds.
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Fig. 1: The overview pipeline of the proposed neural high-d point embedding for
anisotropic surface approximation (HD-PEA). Our method includes three main compo-
nents: neural high-d Euclidean point embedding, high-d embedding manifold approxi-
mation by uniformly sparse sampling, and anisotropic manifold mesh reconstruction.

The overview pipeline of the proposed neural high-d point embedding for anisotropic
surface approximation (HD-PEA) is shown in Fig. 1.

2 Related Work

Neural Surface Meshing and Reconstruction. In recent years, the deep
learning-based approaches for meshing of shapes become popular in computer
vision and geometric modeling. For instances, Point2Mesh [31], Pixel2Mesh [64],
Pixel2Mesh++ [65] reconstruct meshes by deforming a template mesh to fit the
input point cloud, but this typically restricts the output to the template’s fixed
topology. To address this, PointTriNet [57] directly predicts mesh connectivity by
iteratively proposing and classifying triangle candidates. Although the method
is local and differentiable, it often produces meshes with holes. NeuralMesh-
ing [63] proposes differentiable meshing algorithm for extracting surface meshes
from neural implicit representations, but it cannot guarantee watertightness and
feature preservation. NMC [15] and NDC [14] improve the meshing templates
of Marching Cubes (MC) [44] and Dual Contouring (DC) [36] by incorporating
learned vertex predictions. VoroMesh [46] further refines vertex placement using
Voronoi diagrams, and PoNQ [47] leverages a quadric error metric for optimiza-
tion. Despite these advancements, most existing neural meshing techniques still
rely on voxel-based representations, which constrain their accuracy and expres-
siveness, especially on low-resolution grids. To address this issue, most recently
LMR [68] proposes an adaptive Delaunay meshing that uses implicit surfaces
and surface curvatures, but this method is not generalizable and efficient, as it
requires optimizing each input point cloud individually. In summary, the exist-
ing methods do not address anisotropic mesh representation and how to extend
them into an arbitrary dimensional space is unexplored.
High-Dimensional Geometric Embeddings. Several approaches have been
proposed to address specific classes of surface meshing and processing problems
by embedding them in higher-dimensional spaces [5, 11,18,19,38,40], compared
with parameterization-based methods [12,51] often struggling with complicated
topologies due to their reliance on low-dimensional canonical domains. Their
core idea is to transform an anisotropic meshing problem defined on a 3D surface
into an equivalent isotropic meshing problem in 6D or a higher dimension. In
particular, SIFHDE2 [72] introduces an optimization-based approach to compute
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the high-d embedding space. NASM [41] uses dot products between edge vectors
on mesh faces to model anisotropy to learn the high-d embedding. However, since
point clouds lack explicit tangent spaces and vector representations, such dot
product-based losses cannot be directly applied. Moreover, the above methods
are designed for mesh-based representations and cannot be directly applied to
point clouds. Fundamentally, extending the Nash Embedding Theorem [49, 50]
to point clouds remains challenging, as existing formulations assume continuous
manifolds and therefore cannot operate on discrete, unstructured point sets.
Anisotropic Triangular Meshing. Delaunay triangulation has been extended
to anisotropic settings using two main approaches: refinement-based methods [7,
8, 21] and variational methods [13]. [4] employs a progressive vertex insertion
strategy for anisotropic Delaunay refinement. [55] approximates Riemannian
Voronoi diagrams on surfaces using geodesic distance computations. [26] pro-
poses Locally Convex Triangulation (LCT), which aligns convex functions with
Riemannian metrics for anisotropic meshing. [10] lifts points to convex functions
to minimize reconstruction error, incorporating anisotropy, but their method
is limited to anisotropies representable via convex functions. [17] introduces
a method for high-quality triangular meshing with prescribed anisotropy us-
ing metric-adapted embeddings based on cone singularities. Another group of
anisotropic triangular meshing methods are based on computing the dual mesh
from the anisotropic centroidal Voronoi tessellation (ACVT), such as [22,62,71].
All of these methods are designed for mesh-based representations and computa-
tions. Recently, [70] develops a unified particle-based formulation for resamplings
with specific patterns from original point clouds. However, it is not effective and
scalable for a large-scale number of models, since it is a traditional model-based
method and it also needs a curvature tensor for each model as input.

3 Method

3.1 Neural High-D Euclidean Point Embedding

The Nash embedding theorem states that every smooth Riemannian manifold
can be isometrically embedded into a high-d Euclidean space [49, 50]. However,
applying Nash Embedding Theorem to point clouds is challenging, as exist-
ing methods (e.g., SIFHDE2 [72], NASM [41]) require continuous manifolds
and cannot operate on unstructured points. We address this by introducing
a barycentric-invariant isometric propagation that generates high-d embeddings
from point clouds, by enforcing barycentric consistency, our method strictly sat-
isfies the continuity and differentiability requirements of the embedding theorem,
bridging Nash embedding to unstructured point clouds for the first time rather
than continuous manifolds or mesh domains required by prior high-d embed-
ding formulations. Motivated by this foundation, we propose a method to learn
a high-d point embedding that preserves the intrinsic Riemannian geometry,
given only its point cloud and normal vectors. This high-d point embedding is
designed to approximate an isometric mapping of the underlying manifold which
is the input for subsequent high-d embedding manifold approximation.
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Data Generation for High-D Point Embedding. Existing mesh-based
approaches [17, 41, 72] in geometry processing that consider surface anisotropy
primarily operate on graph-like structures, where edges and connectivity are ex-
plicitly defined. These methods rely on well-structured meshes to model anisotropic
behavior. In contrast, there is no existing method capable of generating ground
truth high-d embeddings for unstructured point sets, particularly in a way that
faithfully encodes manifold’s local geometry (e.g., curvatures, tangent space,
principal directions).

To address this gap, our data generation for point cloud embedding leverages
the mapping from the original 3D Riemannian space to the target high-d Eu-
clidean space. It can be described by an affine transformation [52,60,72], where
the transformation matrix inherently captures local manifold curvature and di-
rectional information. Since barycentric coordinates are preserved under affine
transformations, we first sample points on the original 3D triangle surfaces and
compute the barycentric coordinates of each sampled point with respect to its
triangle. Using these same barycentric weights, we interpolate the correspond-
ing high-d vertex embeddings to obtain the high-d coordinates of each sampled
point. This process constructs a dense and high-quality ground truth point cloud
in the target high-d manifold space, where it is both geometrically consistent and
sensitive to local anisotropy. It provides a complete ground truth mapping from
the 3D surface to its high-d embedding for supervised learning. Details are pro-
vided as follows.

Invariant Weight 
Transfer

Calculate Weights:

Generate High-D Point:

High-D Domain
(Ground Truth Generation)

3D Domain
(Sampling & Weights)

Fig. 2: The procedure of data generation for high-d
point embedding. The triangles represent the under-
lying mesh used in the invariant weight transfer.

Formally, let the original
3D triangle mesh denotes as
M = (V,F), where V =
{vi ∈ R3} are the vertex posi-
tions and F is the set of trian-
gle faces. The corresponding
high-d embedded mesh is de-
noted as M = (V,F), where
each vertex vi ∈ Rd is the
high-d embedding of vi and
d = 8 (as suggested in [72]),
F = F . As shown in Fig. 2,
for any point p sampled in a triangle face f = {v1,v2,v3}, we compute its
barycentric coordinates (w1, w2, w3) as:

p = w1v1 + w2v2 + w3v3, (1)
where w1 + w2 + w3 = 1, wi ≥ 0. (2)

The corresponding high-d embedding of p, denoted p ∈ Rd, is obtained by
applying the invariant weight transfer (i.e., same barycentric weights) to the
high-d vertices:

p = w1v1 + w2v2 + w3v3. (3)

By repeating this procedure across all triangles in M, we obtain a dense set of
point pairs (p,p), where p ⊂ R3 and p ⊂ Rd. This provides a complete ground
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truth mapping from the 3D surface to its high-d Euclidean embedding, which
can be used for our follow-up high-d point embedding learning task.

While the generated embeddings may partially inherit biases from the source
meshes, our framework uses the mesh only during this data generation stage to
maintain consistency with an underlying smooth Riemannian manifold. Unlike
two-stage pipelines that suffer from intermediate reconstruction artifacts (dis-
cussed in Section 4.2), our method learns the anisotropic metric field directly
from raw point clouds in the high-d space.

High-D Point Embedding Network and Loss. Formally, let P ∈ RN×3

denote a point cloud consisting of N points in 3D space, and let n ∈ RN×3 rep-
resent the corresponding unit normal vectors. The input to our network is the
concatenated representation [P,n] ∈ R6. A point-based transformer backbone F ,
parameterized by θF , predicts the high-d coordinate extension P̃ ∈ RN×(d−3).
The final high-d embedding is obtained by concatenating the original 3D co-
ordinates with the predicted extension: P = [P,F([P,n]; θF )]. We apply Point
Transformer V3 [67] as our backbone architecture. To accommodate the required
output dimensionality, we append a single linear layer to the end of the network.

To capture the local geometric structure of the underlying manifold from the
input point clouds, we utilize the pairwise distances between neighboring points.
Different from the prior work such as [41], which models anisotropy using dot
products between edge vectors defined on the given mesh faces, point clouds lack
explicit tangent spaces and well-defined vector representations. These challenges
make utilization of the dot product-based loss infeasible in our setting. Instead,
we approximate the local geometry by pairwise distances, which implicitly en-
code the intrinsic Riemannian metric governing local lengths and angles.

In prior works [33, 43, 45], L1-based losses tend to bias predictions toward
the median of the target distribution, making them more effective for learning
from diverse and non-uniform geometric structures. Building on this insight, we
adopt Mean Absolute Error (MAE) between predicted and ground truth pair-
wise distances. This formulation promotes the preservation of relative geometric
structure across diverse shapes and supports more accurate high-d embedding
prediction. Our neighborhood distance-based loss is:

L =
1

N

N∑
i=1

∑
j∈N (i)

| ∥f(pi)− f(pj)∥ −
∥∥pi − pj

∥∥ |, (4)

where f(pi) denotes the predicted embedding coordinates of point pi, pi denotes
the corresponding ground truth embedding coordinates. N (i) represents the set
of neighboring points of pi. In our experiment, N (i) is set to be 40 and the
embedding dimension is 8 as suggested in [72]. This formulation encourages
local geometric consistency between the prediction and the ground truth without
relying on explicit edge connectivity. We demonstrate the effectiveness of our loss
function in the ablation study.

Patch-Based Meta-Embedding Inference. Since the embedding network
is trained on point clouds with a fixed number of points, applying it directly to
larger point clouds can lead to degraded embeddings. To address this, we in-
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troduce patch-based meta-embedding inference (PMEI), i.e., an inference-time
strategy that divides large point clouds into overlapping patches, processes each
independently, and aligns the individual patch-based embeddings into a consis-
tent global meta-embedding. It can efficiently handle arbitrarily large-scale point
clouds without retraining while preserving embedding quality and consistency.

For a point cloud P ∈ RN×3, we first construct a set of patch centers
{c1, ..., cl} where l << N using farthest point sampling (FPS). For each ci ∈
{c1, ..., cl}, we use its k nearest neighbors to form a local patch qi ∈ Rk×3, and
the k we choose guarantees the overlapping of the patches. Each patch qi is
then processed by the network to obtain its high-d Euclidean point embedding
qi ∈ Rd. Specifically, for two overlapping patches qi and qj with shared domain
Oij , the ideal consistency condition qj |Oij = qi|Oij is typically not satisfied. This
inconsistency arises because standard attention mechanisms are not equivariant
to affine transformations unless explicitly designed as [27]. Let {pk

i ,p
k
j }mk=1 de-

notes the set of m corresponding point pairs between the overlapping regions
qi|Oij

and qj |Oij
. We formulate the patch-based embedding alignment as an

optimization problem:

T ∗
ij = argmin

Tij

m∑
k=1

||pk
i − T (pk

j )||2, (5)

where T : Rd → Rd is an affine transformation defined as T (x) = Ax + b with
A ∈ Rd×d and b ∈ Rd.

The embedding alignment process is formulated as a minimum spanning tree
(MST) problem over the set of patch centers {ci}li=1. Each center ci is treated as
a node, and the edge weight between two centers ci and cj is given by their Eu-
clidean distance ||ci− ci||. Starting from an arbitrary root center, the algorithm
iteratively aligns the next nearest patch using Eq. (5) and adds to the already
aligned set, using a priority queue keyed by the inter-center distances-equivalent
to Prim’s algorithm for constructing an MST. This process ensures that the
newly selected patches potentially have the largest overlapping region with the
already aligned set, promoting more stable and consistent transformations. The
PMEI algorithm and illustration are provided in Section 8 of Appendix.

3.2 High-D Embedding Manifold Approximation

After obtaining the high-d point embedding, our goal is to obtain a piecewise
linear approximation of the manifold M that follows a uniform sparse distri-
bution in the high-d space. When this approximation is projected to original
3D manifold space, it naturally results in an anisotropic linear approximation.
In this section, we present an approach for optimizing the vertex positions to
achieve a uniform distribution in high-d poing embedding space.

Embedding Tangent Space Approximation. To operate on a point-
based manifold in a high-d space, it is essential to have a guiding structure that
constrains operations to lie on the manifold itself. Different from normals are used
in 3D space [6, 70] to define local orientation, we use the tangent subspace of
the manifold to impose such constraints. The main reason is that if the surface
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is not a hypersurface (e.g., a 2D surface embedded in R8 in our work), the
normal space becomes a subspace of dimension d, and there is no unique normal
vector; instead, a normal subspace exists [56, 69]. More generally, for an m-
dimensional manifold M embedded in Rd, the tangent space TpM at a point
p ∈ M is a m-dimensional linear subspace of Rd. It is spanned by linearly
independent m tangent vectors, which form the basis of TpM. In our case,
where the manifold is a 2D surface embedded in a high-d space, we estimate the
local tangent space at each point p ∈ Rd using Principal Component Analysis
(PCA) [53]. To accurately capture the intrinsic low-dimensional structure, PCA
is applied to the k-nearest neighbors Np = {p1, ...,pk}.

Let {pi}ki=1 ⊂ Rd denote the k-nearest neighbors of a center point p ∈ Rd.

Fig. 3: The tangent
space estimation in
high-d space.

The local centroid of these neighbors is given by p̂ =
1
k

∑k
i=1 pi. The local covariance matrix at p is defined

as Cp = 1
k

∑k
i=1(pi − p̂)(pi − p̂)T . The tangent ba-

sis at p is then obtained by performing eigen decom-
position of Cp. For the target dimension m of tangent
subspace, the top m eigenvectors v of Cp corresponding
to its largest m eigenvalues, form an orthonormal basis:
V = [v1,v2, ...,vd] ∈ Rd×m for the estimated tangent
space TpM ⊂ Rd×m. In our setting, we use d = 8 and
m = 2. Fig. 3 illustrates the tangent space estimation in
the high-d space.

Sampling Uniformity on Manifold. Given a set of sparse seed points
lying on the manifold of the target domain, our goal is to achieve an isotropic
distribution over this manifold. Particle-based methods have been proven to be
effective in low-dimensional settings (e.g., 2D or 3D) [66, 70, 71] and have also
been extended to high-d manifolds when an explicit mesh representation is avail-
able [72]. However, their application to manifolds represented purely by point
clouds in high-d spaces remains unexplored. To address this gap, we leverage
the introduced tangent space approximation to constrain particle-based opti-
mization directly to the local geometry of point-based high-d manifolds. More
details about particle formulation and computations are discussed in Section 1
and Section 2 of Appendix.

It is important to note that both energy and forces are defined in terms of
Euclidean distances between particles. However, the desired optimization do-
main is the target embedding manifold M, rather than the entire ambient space
Rd. To constrain the optimization within the manifold, we use the tangent basis
V to project each particle back onto a local linear approximation of the embed-
ding manifold. Specifically, for a given particle x, we first identify its nearest
neighbors xp ∈ M in the original 3D space, and perform the projection onto the
tangent space TxpM at xp as: x̃TxpM = xp+VV

T
(x−xp), where V ∈ Rd×m is

the local orthonormal basis spanning the estimated tangent space Txp
M. This

projection ensures that particle’s coordinate updates remain locally constrained
to the manifold geometry in high-d space.
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By minimizing the total energy subject to the constraint that all particles re-
main on the manifold M ⊂ Rm, the system evolves toward a state of equilibrium
where the forces acting on all particles are balanced. At equilibrium, this process
yields a uniformly distributed and isotropic sampling over the target manifold.

3.3 Anisotropic Manifold Reconstruction

The next step is to compute a piecewise linear approximation of this manifold
M by using the output seeds / particles x̃ from the previous optimization, which
is a set of well-distributed sparse seeds in Rd that lies on a manifold M of in-
trinsic dimension m, where m < d. . In our case, we assume that M is a smooth
manifold with intrinsic dimension m = 2. Inspired by [6], we adopt the concept
of Tangential Delaunay Complex [2, 3, 24] to generalize the restricted Voronoi
cells (RVCs) from 3D to a higher dimension, constructing our high-d tangen-
tial complex. Our method primarily operates within the m-dimensional tangent
spaces at sampling points. Therefore, the computational complexity depends on
the manifold dimension m rather than high dimension d in the ambient space.

Manifold Tangent Space Approximation. To reconstruct a piecewise
linear approximation of the manifold in a higher dimension, we begin by forming
a m-dimensional unit disk with a radius r and uniformly discretizing into n disks,
where each radius is defined as r = α · ldiag, where ldiag denotes the diagonal
length of the shape’s bounding box in high-d ambient space, and α is a user-
defined scaling coefficient. Then, we estimate the tangent basis V at each point
xi ∈ Rd, using its nearest neighbors identified in the same space, and define an
affine transformation Ax : Rm → Rd that maps the intrinsic disk Dm ⊂ Rm

into the ambient space with dimension d. This mapping is: Dd(x) = VDm + x,
where Dd ∈ Rd is an image of the disk in the ambient space centered at x. It
forms a local linear approximation of the manifold around x.

High-D RVC and Mesh Extraction. Once the tangent space is

Fig. 4: Illustration of
a high-d RVC.

constructed at each seed, the restricted Voronoi cells
(RVCs) forming the tangential complex are computed by
clipping the embedded disk Dd with the bisectors between
the seeds and their neighbors. An example is illustrated in
Fig. 4. Since our target dimension is higher than 3, we ap-
ply re-entrant clipping method [61]. Details are provided
in Section 3 of Appendix.

As in [6,20], the result of the previous clipping step is
a triangle soup. We adopt a manifold extraction method
following [6]. Finally, we apply the post-processing step

provided by Geogram [39] to fill any remaining holes from the previous step if
necessary. Details are provided in Section 4 of Appendix. When the extracted
mesh approximation is projected (via truncation) to original 3D manifold space,
it naturally results in an anisotropic mesh approximation.

4 Experiment
We evaluate the effectiveness of our method in approximating surfaces by recon-
structing high-fidelity lightweight anisotropic meshes and its applications from
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point clouds across a wide variety of shapes. Due to the page limit, the im-
plementation details are provided in Section 5 of Appendix and some additional
results are provided in Section 7 of Appendix. Detailed implementations of other
comparison methods in the following section can be referred from their original
papers. The source code and data will be publicly released after acceptance.

4.1 Datasets and Metrics

To thoroughly evaluate our method, we employ multiple datasets and applica-
tions that target different aspects of generalization and robustness.

Training Dataset. We apply FPS to sample 40K points from each of the
240 selected models in the Thingi10K dataset [73]. To mitigate biases arising
from geometric variations in the training set, we apply data augmentation strat-
egy followed by NASM [41]. After applying this data augmentation strategy, the
training set comprises 2,400 models of point clouds. The sampled point clouds
are then normalized and estimated oriented normals using the Winding Num-
ber Normal Consistency (WNNC) method [42]. The ground-truth high-d point
embeddings are generated following Section 3.1.

Testing Datasets. We conduct experiments on several challenging datasets,
including Thingi10k dataset [73], Myles et al.’s dataset [48] (i.e., 3D shapes
from AIM@Shape and Stanford shape repository), TetWeave dataset [1], and
ScanNet dataset [16]. Thingi10k dataset serves as a baseline for evaluating our
method. Others are unseen datasets, which are only used in the testing stage.
All evaluations are conducted without any fine-tuning or retraining. As for point
clouds acquisition, we utilize randomly sampling from surface meshes, synthetic
scanning [29, 35], noisy and irregular sampling, real scanning, etc. More details
are provided in Section 6 of Appendix.

Metrics. Besides the qualitative evaluation and comparison, we provide
quantitative evaluation. We adopt standard metrics for reconstructed surface
accuracy, including Chamfer distance (CD), F-Score (F1), normal consistency
(NC), and Hausdorff distance (HD). To measure the anisotropic mesh qual-
ity G, for each triangle △abc in the final mesh, we use its approximated metric
Q(△abc) = (Q(xa)+Q(xb)+Q(xc))/3, where Q(·) =

√
M(·), to affine-transform

it from the original anisotropic space into the Euclidean space. M(·) is the cur-
vature metric tensor. After that, we employ the isotropic triangular criteria [25],
to evaluate the quality of generated anisotropic mesh as [41, 71]. The quality of
a triangle is measured by G△abc

= 2
√
3 S
ph , where S is the triangle area, p is its

half-perimeter, and h is the length of its longest edge. G is the average qualities
of all triangles. We report the average runtime of all the methods.

4.2 Evaluations

Baseline Sampling. We first evaluate our HD-PEA method on the testing set
with 80 point cloud models selected from Thingi10K as shown in Fig. 5, and
compare the results to several state-of-the-art in surface mesh reconstruction,
including Poisson [37], NDC [14], POCO [9], PoNQ [47], and LMR [68] in Ta-
ble 1. We report both quantitative and qualitative results to demonstrate that
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HD-PEA achieves the best CD, F1, NC, and HD values. It justifies that incorpo-
rating anisotropic surface meshing strategy not only better captures geometric
detail but also leads to more accurate surface approximations with fewer mesh
elements. Compared with other deep learning-based methods, our approach re-
quires only a few seconds for the entire computation.

1.0

10.76

1.0

7.85

1.0

6.97

1.0

1.0

7.45

6.65

1.0

6.23

Fig. 5: Our anisotropic surface mesh ap-
proximation from input point clouds.
The models are selected from Thingi10K
dataset [73]. Left to right: input point
clouds, reconstructed anisotropic meshes
with zoom-in views, and estimated cur-
vature tensors with stretching ratios for
input point clouds in colors.

Ours PossionPoNQ NDC POCOLMR

Fig. 6: Our anisotropic surface mesh ap-
proximation results comparison with the
state-of-the-art in surface mesh recon-
struction. The models are selected from
Myles et al.’s dataset [48]. NDC, POCO,
and Poisson use grid size of 1283.

For Marching Cubes-like methods, such as Poisson, NDC, and POCO, often
exhibit undersampling artifacts such as zigzag patterns, due to their inflexible
sampling directions in Fig. 6. Although PoNQ employs QEM [28] for surface ap-
proximation, it still relies on Delaunay triangulation, which typically produces
more vertices than desired. LMR (one of the most recent adaptive mesh recon-
struction methods) conforms to surface curvatures by using adaptive meshes;
however, it does not adequately control stretching ratios for anisotropic trian-
gles, leading to noticeable number of degenerate triangles. Another limitation
lies in the reliance of LMR on an optimization-based process that is compu-
tationally expensive, thereby limiting its practicality. The detailed runtime is
shown in Table 1.

Synthetic Scanning. To further justify capability of our method, this ex-
periment evaluates our method on synthetic scanned point clouds without any
fine-tuning or retraining. We evaluate our HD-PEA method on 75 synthetic
scanned point clouds generated from Myles et al.’s dataset using Blensor [29] as
in [35]. For each model, we simulate realistic scanning on point clouds containing
40K points. To provide a more comprehensive evaluation under these realistic
scanning conditions, we expand our baselines from the previous subsection to
include three additional state-of-the-art methods: NKSR [34], SAP [54], and
SIREN [59]. Fig. 6 and Table 2 show that our method consistently achieves the
best qualitative and quantitative performance with lightweight mesh elements.
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Table 1: Quantitative comparison with
our HD-PEA and state-of-the-art sur-
face reconstructions on 80 models selected
from Thingi10K dataset [73]. The best re-
sults are highlighted in bold, and the sec-
ond best results are underlined. Note: CD
(×10−5), HD (×10−2), and Time (sec-
onds). All metrics are averaged over 80
models.
Method #Vout #fout CD ↓ F1 ↑ NC ↑ HD ↓ Time

Poisson 38,346 76,684 39.128 0.912 0.970 1.821 19.271
NDC(643) 4,134 8,327 0.798 0.986 0.978 0.921 4.971
NDC(1283) 16,638 33,470 0.676 0.991 0.987 0.716 5.532
POCO(643) 8,237 16,497 29.817 0.853 0.951 6.521 4.367
POCO(1283) 33,590 67,196 33.107 0.888 0.960 6.862 15.588
PoNQ 15,760 31,531 11.729 0.967 0.982 1.813 31.047
LMR 7,848 15,721 2.936 0.978 0.978 0.778 2,710.6
Ours 5,180 10,358 0.496 0.996 0.987 0.678 14.280

Table 2: Quantitative comparison with
our HD-PEA and state-of-the-art surface
reconstructions on 75 synthetic scanned
models selected from Myles et al.’s
dataset [48]. The best results are high-
lighted in bold, and the second best re-
sults are underlined. Note: CD (×10−5),
HD (×10−2), and Time (seconds). All
metrics are averaged over 75 models.
Method #Vout #fout CD ↓ F1 ↑ NC ↑ HD ↓ G ↑ Time

Poisson 77,296 154,594 26.346 0.922 0.966 2.147 0.528 39.298
NDC(643) 5,182 10,575 1.308 0.939 0.956 1.230 0.589 5.276
NDC(1283) 21,011 42,721 0.749 0.982 0.971 0.928 0.588 5.928

+NASM 6,964 14,210 0.792 0.980 0.975 1.265 0.576 24.701
POCO(643) 14,246 28,600 94.402 0.608 0.859 11.665 0.537 6.329
POCO(1283) 58,871 117,837 90.462 0.626 0.875 11.601 0.530 22.869
PoNQ 24,685 49,368 7.610 0.963 0.973 1.511 0.596 35.834
NKSR 12,023 24,040 1.461 0.954 0.966 1.745 0.525 0.705
SAP 31,692 63,320 2.081 0.976 0.972 1.447 0.526 6.575
SIREN 696,845 1,393,631 58.96 0.843 0.953 3.593 0.522 4658.97
LMR 7,590 15,124 10.048 0.964 0.972 2.471 0.629 3,153.8
Ours 7,028 13,989 0.649 0.989 0.979 0.798 0.702 14.594

Although our method and NASM (one of the most recent anisotropic meshing
methods) are inspired by the Nash Embedding Theorem, target fundamentally
different problems. HD-PEA reconstructs anisotropic surfaces directly from raw
point clouds, while NASM performs remeshing on an existing mesh. HD-PEA
operates on raw point clouds without any intermediate mesh. In practice (see
Fig. 7), we use NDC(1283) to generate the intermediate mesh for NASM, as
NDC performed is the second-best method (besides ours) in our previous exper-
iments. However, such two-stage pipelines (e.g., NDC+NASM) are sensitive to
the quality of the intermediate mesh. As shown in Fig. 6, NDC produces severe
aliasing artifacts, which subsequently cause NASM to overfit. By learning the
anisotropic metric field directly in high-d embedding space from raw points, our
HD-PEA avoids this artifact-prone stage, resulting in more stable and faithful
reconstructions with consistently better surface accuracy (CD, F1, NC, HD) and
anisotropic mesh quality metric G.

Challenging Scanning. In this section, we evaluate the performance of our
method on degraded point clouds to demonstrate its robustness and practical
applicability. Raw point clouds acquired from 3D scanners or multi-view recon-
structions often suffer from measurement noise, outliers, and uneven sampling
densities. To simulate these challenging conditions, we build upon the synthetic
scanned dataset introduced in the previous section and apply some perturba-
tions. Specifically, we add Gaussian noise with standard deviations of 0.001,
0.003, and 0.005 to simulate three levels of point-wise perturbations. Follow-
ing the standard practice, we incorporate a lightweight preprocessing using the
Moving Least Squares (MLS) method [23]. MLS performs local surface fitting to
smooth point clouds, effectively reducing high-frequency noise while preserving
fine geometric details. This denoising step is applied prior to inference and adds
minimal computational overhead.

To simulate irregular sampling density, we resample scanned point clouds
using striped and gradient density variations, such that certain regions of the
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CD: 0.513
G: 0.708

CD: 0.929
G: 0.595

G: 0.786
CD: 0.634

G: 0.595
CD: 0.682

Ours NDC + NASM

Fig. 7: Comparison
between ours and
NDC+NASM, where
HD-PEA is better on
CD↓ and G↑.

Noise: 0.1% Noise: 0.3% Noise: 0.5% Stripped Pattern Gradient Pattern

Fig. 8: Our anisotropic surface mesh approximation results
on a Lion model from input point clouds with different noise
levels and irregular sampling patterns.

C1

C1

C2

C2

Fig. 9: Our reconstruction of a ScanNet scene (some holes remain due to missing
regions in the scanned input). Portions of the walls and roof are removed to reveal the
interior geometry.

surface are more sparsely sampled, followed by PCP-Net [30]. Fig. 8 and Table 3
demonstrate the good robustness of our method.

Complicated Geometry and Large-Scale Scene. We further evaluate
our method on point clouds with complex geometry details and scene-level
datasets containing a significantly large number of points. In this setting, we
employ the proposed patch-based meta-embedding inference (PMEI) to demon-
strate the scalability and adaptability to large-scale data. This evaluation covers
both model-level shapes with fine geometric details (from Myles et al.’s dataset)
and scene-level point clouds (ScanNet dataset [16]) with hundreds of thousands
of input points. Figure 9 demonstrates that our method has strong performance
on large-scale point clouds on scene levels, even without fine-tuning or retrain-
ing. We also include both qualitative and quantitative comparisons between our
method and NDC. Our method achieves a lower CD than NDC (0.786 vs. 0.814),
while using only less than one-third of the mesh resolution. More results can be
found in Section 7 of Appendix.

Curvature Tensor Estimation. One downstream application of our neural
high-d point embedding is to estimate the curvature tensors from the input point
clouds. For each point p in the original 3D space, we identify its the six nearest
neighbors pj and construct a matrix A ∈ R6×3, where each row corresponds the
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Table 3: Quantitative evaluation on our
HD-PEA with different levels of noise on
samplings as well as irregular sampling
schemes on 75 synthetic scanned point
clouds from Myles et al.’s dataset. Note:
CD (×10−5), HD (×10−2), and Time
(seconds). All metrics are averaged over
75 models.

Method #Vout #fout CD ↓ F1 ↑ NC ↑ HD ↓ Time

real scan+0.1% 8,684 17,255 0.822 0.978 0.974 0.893 14.809
real scan+0.3% 9,341 18,521 1.000 0.966 0.959 1.125 14.973
real scan+0.5% 9,601 19,043 1.417 0.933 0.947 1.358 14.997
gradient 7,526 14,907 0.730 0.982 0.976 0.970 14.630
striped 7,186 14,296 0.688 0.985 0.978 0.894 14.597

Table 4: Ablation study on different
loss functions for neural high-d point
embedding on 80 models selected from
Thingi10K dataset. The best results are
highlighted in bold. Note: CD (×10−5)
and HD (×10−2). All metrics are averaged
over 80 models.

Method #Vout #fout CD ↓ F1 ↑ NC ↑ HD ↓

MSE 12,632 48,368 30.864 0.953 0.949 2.148
MAE 12,116 48,421 29.737 0.958 0.952 2.044
NDHDE w/ MSE 8,688 48,991 30.072 0.984 0.979 1.065
NDHDE w/ MAE (Ours) 5,180 10,358 0.496 0.996 0.987 0.678

vector p− pj . We also get the pj which are the corresponding predicted high-d
embeddings of these 3D neighbors and construct a matrix B ∈ R6×8 where each
row represents the vector p − pj . We then solve the linear system of Ax = B
in least squares sense, yielding a matrix x ∈ R3×8. Applying singular value
decomposition (SVD) to x, we extract the three principal directions from its
left singular vectors as the direction of the principal curvatures. The anisotropy
stretching ratio is defined as s1/s2 where s1 and s2 denote the second and third
singular values, respectively. Fig. 5 illustrates the estimated curvature tensors.
We visualize each tensor using ellipsoid-style glyphs, where the axes represent the
principal curvature directions. The color encodes the anisotropy, defined by the
stretching ratios of the tensors. Another application of our HD-PEA method is
to analyze its ability to preserve surface curvature characteristics, which directly
influence the rendering quality of the surface roughness or smoothness as shown
in Section 7 of Appendix.

4.3 Ablation Study

To demonstrate the effectiveness of our proposed neighborhood distance-based
high-d embedding loss, i.e., NDHDE w/ MAE (in Section 3.1), we perform an ab-
lation study comparing it against two commonly-used losses, i.e., Mean Squared
Error (MSE) and Mean Absolute Error (MAE), both of which compute point-
wise differences between predicted and ground truth embeddings. We also eval-
uate an MSE-based NDHDE and the ablation study is performed on Thingi10k
dataset. Table 4 shows that our proposed NDHDE w/ MAE loss is most effective
on the anisotropic surface mesh reconstruction w.r.t. all surface accuracy met-
rics. Furthermore, we also show the necessity of applying the proposed PMEI
(in Section 3.1) on large-scale complicated data in Fig. 10. Fig. 11 shows that
applying PCA to 3D neighbors for embedding tangent space approximation and
particle optimization constraints (in Section 3.2) preserves topology better than
using high-d neighbors.

4.4 Failure Case

Figure 12 illustrates a failure case on a challenging geometric shape with in-
complete input point clouds from practical scanning. The clipped view removes
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front- and back-facing points to better highlight the severely missing interior
samples. Such incomplete sampling makes neural high-d point embedding and
manifold approximation particularly challenging for thin structures (e.g., the
slender cylinder), resulting in invalid or missing mesh elements in these regions.

w/o PMEI w/ PMEI

Fig. 10: Comparison w/o and w/ patch-
based meta-embedding inference (PMEI)
on a complicated geometric model.

Topology-Preserved
 (TSA on 3D Neighbors)

Topology-Distorted
 (TSA on High-D Neighbors)

Fig. 11: Comparison on the proposed
embedding tangent space approximation
(TSA) with 3D and high-d neighbors.

Fig. 12: Failure case. Left: input point cloud; Middle: our result from the surface view;
Right: our result from the interior view.

5 Conclusion
In this paper, we introduce a new scalable anisotropic surface approximation
method through the high-d Euclidean point embedding. To our knowledge, this
is the first deep learning-based method capable of generating high-quality and
high-fidelity anisotropic surface meshes from unstructured point clouds without
requiring a pre-computed mesh or metric field. Compared with existing sur-
face mesh reconstruction methods, our HD-PEA achieves significantly better
performance in surface accuracy, mesh quality, lightweightness, and scalability.
Moreover, it shows strong potential for applications in robust large-scale surface
reconstruction, surface rendering, and curvature tensor estimation.
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