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Abstract

Point-based geometric representations such as point clouds
and Gaussian Splatting are fundamental for 3D understand-
ing. However, the inherent irregularity and high-dimensional
nature of point structures present significant challenges for di-
rect 3D learning approaches, which often struggle with scal-
ability and achieve suboptimal performance due to sparse
data distributions. In contrast, 2D learning paradigms ben-
efit from well-established architectures with superior opti-
mization stability and efficiency. To bridge this gap, we pro-
pose Maniflat3D, a unified framework that systematically
transforms volumetric point-based geometries into structured
2D representations through a two-stage process: a multi-
layer Ball-Pivoting reconstruction with adaptive density con-
trol, followed by Scalable Locally Injective Mapping (SLIM)
to produce distortion-minimized, bijective UV parameter-
izations. Our approach explicitly encodes both geometric
and attribute information into the flattened domain, enabling
conventional 2D neural networks to effectively learn from
complex 3D structures such as Gaussian Splatting. Experi-
ments on the ShapeSplat dataset demonstrate that Maniflat3D
achieves comparable performance while reducing parameter
count by 90% compared to native 3D baselines, and simulta-
neously attains 21× compression ratio through neural encod-
ing. These results establish a new paradigm for efficient ge-
ometric understanding, demonstrating successful transfer of
planar learning advantages to challenging 3D manifold prob-
lems through dimensional reduction.

Introduction
Three-dimensional geometric understanding has become
a cornerstone of modern computer vision and graphics,
with applications in autonomous driving, robotics, and
augmented reality. Point-based representations, particularly
point clouds and 3D Gaussian Splatting (3DGS)(Kerbl et al.
2023), have gained significant traction due to their flexibility
in capturing complex 3D structures and high-fidelity repre-
sentation of geometric and appearance information.

However, when applied to learning-intensive tasks such
as 3D scene classification and understanding, the irregular,
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unordered, and non-uniform nature of point-based represen-
tations poses significant challenges for neural networks de-
signed for structured, grid-like data. These characteristics
complicate feature extraction and optimization processes,
necessitating specialized architectures such as PointNet (Qi
et al. 2017), which frequently encounter limitations in com-
puting efficiency, convergence stability and scalability.

In stark contrast, 2D neural networks have achieved
remarkable success in learning-intensive tasks, benefit-
ing from decades of architectural innovations and well-
established training methodologies. The structured nature of
2D representations enables effective exploitation of spatial
locality and facilitates cross-view feature learning. Rather
than developing increasingly complex 3D-specific architec-
tures, we propose to harness the proven effectiveness of 2D
learning by systematically transforming point-based geome-
try into structured planar representations, thereby unlocking
the potential of established 2D neural architectures for 3D
understanding tasks.

The core of this transformation lies in preserving strong
correspondences between volumetric and planar structures
while maintaining the fidelity of both geometric and seman-
tic information. Spatial occlusions, distance distortions, and
the layering of interior and exterior surfaces pose significant
challenges to the reasonable mapping of 3D representations
onto structured grids, and existing works struggle to address
these issues simultaneously. Multi-view projection methods
(Feng et al. 2018; Yu et al. 2020; Hamdi, Giancola, and
Ghanem 2021) suffer from information loss and occlusion
artifacts, while surface parameterization techniques (Floater
and Reimers 2001; Zhang et al. 2010) face difficulties with
irregular non-manifold point clouds and Gaussian splatting.

To address these issues, we introduce Maniflat3D, a
unified framework that systematically transforms volumet-
ric point-based geometry into structured 2D representations
through a carefully designed two-stage process. Our ap-
proach begins with an enhanced multi-layer Ball-Pivoting
reconstruction augmented with adaptive density control,
which robustly converts irregular point structures into mani-
fold surfaces while preserving geometric details under vary-
ing point densities. Subsequently, we employ Scalable Lo-
cally Injective Mappings (SLIM) (Rabinovich et al. 2017) to
generate UV coordinates with minimized distortion, main-
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taining geometric correspondence.
Maniflat3D injects geometric information and appearance

attributes (color, covariance, opacity) from 3D objects into a
flattened space, creating bijective sparse grids. This encod-
ing strategy constructs structured representations compatible
with 2D neural networks while preserving rich 3D semantic
content, enabling efficient cross-domain transfer learning.

Our contributions can be summarized as follows:

• A novel two-stage transformation paradigm Mani-
flat3D that bridges the gap between irregular 3D point-
based representation and planar grids, enabling the ap-
plication of mature 2D architectures to complex 3D geo-
metric understanding tasks.

• Comprehensive application examples that employ
learning-based methods for object-level Gaussians pro-
cessing. The novel neural encoding achieves a 21× com-
pression ratio, and the sparse learning-based understand-
ing framework enables effective 3D shape classification.

• Extensive experimental validation on the ShapeSplat
dataset, demonstrating substantial improvements in com-
putational efficiency and classification accuracy com-
pared to native 3D baselines, thereby validating the ef-
fectiveness of Maniflat3D.

Related Work
3D Representations & Parameterization
The representation and parameterization of 3D geometry
encompasses various approaches from classical projection
methods to modern learning-based techniques. Traditional
spherical projections (Cheng et al. 2021) provide mathe-
matically well-defined mappings from 3D surfaces to 2D
domains, though they often suffer from distortion artifacts
at projection boundaries, while Bird’s Eye View (BEV)
(Lin et al. 2024) projections have gained popularity in
autonomous driving and robotics for their intuitive top-
down scene representations. Classical surface parameter-
ization methods such as As-Rigid-As-Possible (Igarashi,
Moscovich, and Hughes 2005) and Scalable Locally Injec-
tive Mappings (Rabinovich et al. 2017) focus on minimiz-
ing distortion while preserving geometric properties dur-
ing 3D-to-2D mapping, albeit requiring explicit mesh repre-
sentations. Recent learning-based approaches have explored
2D parameterizations of 3D signals without explicit trian-
gle meshes, including UV mapping-based appearance mod-
els for humans and faces (Deng et al. 2018), and single-chart
surface mappings for geometry processing tasks such as es-
tablishing surface correspondences (Srinivasan et al. 2024).

Point-based Deep Learning
Point-based Deep Learning encompasses two main
paradigms. Direct methods operate on raw point cloud
structures, evolving from foundational MLP-based archi-
tectures (Ma et al. 2022; Chen et al. 2023) like PointNet to
more sophisticated approaches. Convolution-based methods
(Wu, Qi, and Fuxin 2019; Thomas et al. 2019) address
local correlation modeling through flexible operators, while

transformer-based approaches (Wu et al. 2022, 2024) lever-
age self-attention mechanisms for capturing long-range
dependencies. Recent developments focus on masked
autoencoder methods (Zhang et al. 2022; Ren et al. 2024)
and self-supervised pre-training strategies with improved
robustness.

Projection-based methods transform 3D point clouds into
2D representations to leverage mature CNN architectures.
Multi-view methods (Feng et al. 2018; Yu et al. 2020;
Hamdi, Giancola, and Ghanem 2021; Yu and Song 2024)
aggregate features from multiple rendered views, with sub-
sequent works improving view relationships through ad-
vanced learning techniques. While these projection-based
approaches effectively reduce 3D learning complexity, they
face inherent limitations in maintaining complete spatial in-
formation during the projection process.

Method
As illustrated in Fig. 1, we propose a unified framework
for compression and understanding of 3D point-based ob-
ject geometry. Unlike convex hull surface point clouds that
form smooth manifolds, complex irregular point-based ge-
ometries like Gaussian Splatting pose significant challenges
for planar mapping due to their spatially non-uniform dis-
tributions and inability to be characterized as a single co-
herent manifold. To address the planar projection of such
complex point-based geometries, we innovatively design
a Multi-layer Ball-Pivoting Reconstruction and Distortion-
Minimized UV Unwrapping approach. Furthermore, we em-
ploy a plug-and-play autoencoder to efficiently compress
our planar grids, while mature 2D neural network frame-
works effectively capture attribute information expressed in
pixel form, thereby accomplishing effective 3D reasoning.
Preliminaries: 3DGS represents an object or a scene with
a collection of Gaussians primitives (Liang et al. 2025) to
model the geometry and view-dependent appearance (Zhang
et al. 2025a). For a 3DGS set, G = {gi}Ni=1, representing an
object with N individual Gaussians, the geometry of the i
th Gaussian is explicitly parameterized via 3D covariance
matrix Σi and its central coordinates σi ∈ R3 as:

gi(x) = exp

(
−1

2
(x− σi)

TΣ−1
i (x− σ)

)
(1)

where the covariance matrix Σi = risis
T
i r

T
i is factorized

into a rotation matrix ri ∈ R4 and a scale matrix si ∈ R3.
The visual appearance of the ith Gaussian is parame-

terized by a set of Spherical Harmonics (SH) coefficients
fi ∈ R48 and an opacity value oi ∈ R. Thus, a single
Gaussian can be represented by a set of five attributes as
gi = {σi, ri, si, oi, fi} ∈ R14 ,and the entire 3DGS can
be represented by a set of N such Gaussians as: G =

{{σi, ri, si, oi, fi}}Ni=1.

Adaptive Multi-layer BPA-based Mapping
The discrete nature of Gaussian Splatting in space often
fails to satisfy the continuity, smoothness, and local Eu-
clidean properties required for manifold unfolding. How-
ever, dense Gaussians locally exhibit capturable manifold
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Figure 1: Our proposed Maniflat3D. For any object-level Gaussian Splatting, we perform multi-layer ball pivoting reconstruc-
tion on its coordinates to capture geometric information, and employ SLIM (Scalable Locally Injective Mapping) for minimal
distortion unwrapping. The resulting unwrapped grid groups contain rich 3D geometric semantics, which can provide effective
guidance for compression and understanding tasks.

features and can be regarded as compositions of multi-
ple underlying manifolds. Assume the Gaussian point set
C = {σi}Ni=1 decomposes into K low-dimensional mani-
folds M = {mj}Kj=1, where each σi ∈ mj . To automati-
cally accomplish manifold separation, we propose an Adap-
tive Multi-layer Ball-Pivoting Algorithm-based mapping ap-
proach (see Alg. 1), inspired by surface reconstruction.

The Ball-Pivoting Algorithm (BPA) (Bernardini et al.
2002) is a geometric surface reconstruction technique that
progressively constructs triangular meshes by simulating a
virtual sphere rolling across point cloud surfaces. By sys-
tematically pivoting around edges and detecting valid tri-
angulations through sphere-point intersections, BPA effec-
tively transforms discrete point data into continuous surface
representations. Building upon this foundation, our method
utilizes multi-scale balls to automatically achieve layered
decomposition through collision detection with Gaussians,
followed by Scalable Locally Injective Mapping (SLIM) to
minimize geometric distortion for each manifold layer, ulti-
mately obtaining efficient planar mappings.
Adaptive Density Control. Executing BPA on irregular 3D
Gaussians presents significant challenges, as severely non-
uniform distributions and sparse representations make it dif-
ficult for the rolling ball trajectory to form smooth sur-
faces. To effectively distribute Gaussians across multiple
low-dimensional manifolds, our approach aims to achieve
uniform spatial distribution of Gaussians, followed by auto-
matic extraction of smooth surfaces through ball pivoting.

We first employ a density controller (DCK) to filter the
original Gaussians and obtain uniform distribution. Initially,
kernel density estimation is applied to all Gaussians, fol-
lowed by adaptive downsampling of high-density regions
according to a proportional factor β, thereby generating
multi-layered relatively uniform manifolds. In cases where
Gaussians are highly dispersed and cannot be adequately ad-
dressed by the density controller alone, we introduce com-
pensatory connective elements to maintain the global 3D

Algorithm 1: MultiLayerBPA

Require: C (coordinates), DCK (density control), BCK

(ball control), K (max layers)
Ensure: M = {mj}Kj=1

1: U← C,M ← ∅
2: for j = 1 to K do
3: P ← DC.filter(Unused, j)
4: r ← BC.get radius(j)
5: if len(P ) < min num then
6: break
7: end if
8: F ← ∅,mj ← ∅ {Initialize active front and mesh}
9: while true do

10: while (e = get active edge(F )) do
11: if (α = ball pivot(e, r)) and (not used(α) ∨

on front(α)) then
12: mj ← mj ∪ {triangle(αi, α, αj)}
13: join(e, α, F )
14: glue if exists(F )
15: else
16: mark boundary(e)
17: end if
18: end while
19: if triangle = find seed(P, r) then
20: mj ← mj ∪ {triangle}
21: insert edges(triangle, F )
22: else
23: break
24: end if
25: end while
26: M ←M ∪ {mj}
27: U← U− extract used(mj)
28: end for
29: return M
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structure, analogous to support structures in 3D printing.
Multilayer Ball-Pivoting Reconstruction. After obtaining
a relatively uniform Gaussians distribution, we employ BPA
to extract smooth manifold surfaces. As the virtual sphere
collides with Gaussian points throughout the space, it con-
tinuously generates triangular mesh elements, which serve
as the geometric foundation for our algorithm’s surface cap-
ture. Note that BPA is an explicit surface reconstruction
method that does not modify the original coordinates.

We introduce Ball Size Control (BCK) to initialize the
ball radius for each iteration round, thereby enhancing
adaptability to varying density distributions across different
layers. Previous studies have demonstrated that multi-scale
ball-pivoting reconstruction can effectively mitigate recon-
struction failures caused by non-uniform density distribu-
tions. Building upon this foundation, our BCK mechanism
additionally incorporates adaptive adjustments based on the
density characteristics of each individual layer. During the
initial iterations, where Gaussian point densities are rela-
tively high, we employ smaller ball radius sets to ensure
effective collision detection, resulting in the generation of
numerous fine-grained and densely packed triangular facets.
As the iterative process progresses to handle sparser lay-
ers, the ball radii are gradually increased to accommodate
the reduced point density. It should be noted that the tri-
angular patches generated in this process are not required
to form a closed mesh topology. However, since excessive
edge complexity can significantly complicate UV parame-
terization procedures, we incorporate hole-filling strategies
to optimize the mesh structure and enhance its suitability for
subsequent processing.
Geometric Global and Local Mapping. We design
distortion-minimized unwrapping to allocate the Gaussians
attached to each smooth manifold layer, where these points
closely resemble vertices in a mesh structure. We employ
Scalable Locally Injective Mapping (SLIM) for iterative op-
timization to establish a global-to-local, fine-grained projec-
tion mapping with minimized geometric distortion. Princi-
pal Component Analysis (PCA) (Maćkiewicz and Ratajczak
1993) is utilized as the initialization for UV unwrapping to
accelerate the iterative process. The SLIM algorithm pro-
vides a robust framework for UV parameterization by min-
imizing distortion while ensuring local injectivity. The core
objective function combines distortion energy and barrier
terms in the following energy functional:

E(u) =
∑
t∈T

At

(
α∥Jt −Rt∥2F + (1− α)

∥Jt∥2F
det(Jt)

)
+ λ

∑
t∈T

B(det(Jt))
(2)

where u represents the UV coordinates, T is the set of tri-
angles, At is the area of triangle t, Jt is the 2 × 2 Jacobian
matrix of the parameterization, Rt is the closest rotation ma-
trix to Jt, α ∈ [0, 1] balances conformal and authalic distor-
tion, and B(·) is a barrier function that approaches infinity
as det(Jt)→ 0+.

The symmetric Dirichlet energy term decomposes into

two components measuring different distortion types. The
first term ∥Jt−Rt∥2F penalizes conformal distortion by mea-
suring deviation from the closest rotation, while the second
term ∥Jt∥2

F

det(Jt)
measures area distortion. To ensure local injec-

tivity, the algorithm incorporates a logarithmic barrier func-
tion: B(det(Jt)) = − log(det(Jt)). This barrier function
prevents triangle flipping by approaching positive infinity as
det(Jt) approaches zero.

The optimization employs an alternating minimization
scheme that iterates between local and global phases. In the
local phase, for each triangle t, the algorithm computes the
optimal rotation matrix:

R
(k)
t = arg min

R∈SO(2)
∥J (k)

t −R∥2F (3)

which can be efficiently solved using SVD decomposi-
tion. In the global phase, the algorithm solves a linearized
quadratic system:(∑

t∈T

AtW
(k)
t GT

t Gt + λH
(k)
barrier

)
u(k+1)

=
∑
t∈T

AtW
(k)
t GT

t vec(R(k)
t )

(4)

where Gt is the gradient operator matrix and the adaptive
weights are defined as:

W
(k)
t = αI + (1− α)

2I

det(J
(k)
t )

(5)

These weights ensure triangles with smaller determinants
receive higher penalties.
Gaussian Attributes Stacking. To facilitate the fusion of
Gaussian appearance attributes with geometry, we design a
pixel-wise Gaussian attribute injection and stacking mecha-
nism. Since the planar positions obtained through SLIM are
in floating-point format, we quantize these positions to con-
vert them into pixel coordinates, thereby transforming the
attributes into colors within the planar image. We broadcast
the pixel coordinates to all Gaussian attributes, with every
three attributes forming the three channels of an image. All
attribute maps with consistent pixel coordinates can be re-
garded as a series of planar grid groups.Since the number
of Gaussians attached to different manifold layers varies,
we implement a gradually decaying grid scale to maximize
pixel space utilization.

Due to the minimal-distortion UV unwrapping iteration,
neighboring pixels in the planar space typically correspond
to adjacent regions in the actual 3D space. Consequently,
Gaussian coordinates and DC spherical harmonics often ex-
hibit smooth gradients.

Compression
Our compression framework leverages the inherent spatial
coherence of planar representations through a three-stage
pipeline: semantic-aware sorting, VQVAE-based quantiza-
tion, and entropy coding. This approach systematically re-
duces information redundancy while preserving crucial ge-
ometric structure, as illustrated in Fig. 2.
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Figure 2: Overview of our three-stage compression pipeline:
(a) Semantic-aware spatial rearrangement for coherent pixel
layouts, (b) VQVAE encoding with multi-level codebooks,
and (c) Brotli entropy coding.

Semantic-Aware Spatial Rearrangement. The flattened
manifold representation preserves local geometry but lacks
global coherence required for effective compression. We
introduce a semantic-aware sorting algorithm that rear-
ranges pixels based on perceptual similarity, creating a more
compression-friendly representation.

Given a set of flattened manifold layers {Lj}Jj=1 where
each layer contains numerous colored pixels representing
Gaussian attributes, we first extract all non-white pixels and
compute a mapping function:

Φ : (i, (y, x)) 7→ (y′, x′) (6)
where i is the layer index, (y, x) is the original pixel coordi-
nate, and (y′, x′) is the new coordinate in the sorted rep-
resentation. The mapping is constructed by sorting pixels
based on HSV color space’s hue value:

H(p1) < H(p2)⇒ Φ(p1) < Φ(p2) (7)
This operation creates a visualization where perceptually

similar attributes are placed in proximity, enhancing spatial
coherence. The source-to-target pixel mapping is stored in
a compact grayscale image where intensity values encode
layer indices, enabling efficient reconstruction.
Vector Quantized Variational Autoencoder. To further
compress the sorted representation, we employ a Vec-
tor Quantized Variational Autoencoder (VQVAE) (Van
Den Oord, Vinyals et al. 2017) that effectively captures re-
curring patterns in our flattened manifold space. The VQ-
VAE consists of an encoder E, a decoder G, and a codebook
Z = {zk}Kk=1 with K discrete codes.

The encoder maps input images x to latent representations
E(x), which are then quantized by finding the nearest code-
book vector:

q(z|x) =
{
1, if z = argminzk∈Z ∥E(x)− zk∥2
0, otherwise

(8)

The decoder then reconstructs the input from these quan-
tized representations. Training minimizes:

L = ∥x−G(zq)∥22+β∥sg[E(x)]−zq∥22+γ∥sg[zq]−E(x)∥22
(9)

Figure 3: Our proposed SparseFNet. This network is used
to validate that our proposed novel planar representation can
provide effective 3D geometric semantics for spatial under-
standing.

where zq is the quantized code, sg[·] is the stop-gradient op-
erator, and β, γ are weighting coefficients.

Our implementation features a multi-scale structure that
captures both fine details and global structure. The encoder
produces multi-level indices {indi}Li=1 that reference en-
tries in corresponding codebooks, enabling high-fidelity re-
construction while requiring significantly less storage.
Entropy Coding with Brotli. The VQVAE indices ex-
hibit strong statistical patterns that can be further ex-
ploited through entropy coding. We apply Brotli (Alakuijala
et al. 2018) compression, which combines LZ77 (Kreft and
Navarro 2010) dictionary-based compression with a context-
aware prefix coding similar to Huffman encoding.

Brotli performs particularly well on our quantized indices
due to the semantic sorting step creating long runs of simi-
lar values, the VQVAE codebook structure introducing pre-
dictable patterns, and the multi-level index representation
containing hierarchical redundancy. This synergy between
our preprocessing pipeline and Brotli’s compression mecha-
nisms yields optimal results for our specific distribution.

Understanding
Our proposed representation is rich in geometric seman-
tic features, providing knowledge for neural networks to
achieve both global understanding and local analysis of 3D
data. The extensive body of work emerging in 2D deep
learning can be leveraged to develop our planar represen-
tation, including CNNs (LeCun et al. 1989), ViT (Dosovit-
skiy et al. 2020), and diffusion models (Ho, Jain, and Abbeel
2020). Since our framework generates sparse colored pix-
els, Sparse Learning becomes crucial for its development
and utilization. Sparse Learning (Wen et al. 2016) focuses
on handling data with numerous zero elements, employing
components such as sparse convolution (Liu et al. 2015)
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and sparse regularization (Selesnick 2017) techniques. Em-
powered by these components, our framework theoretically
supports object classification and recognition, semantic seg-
mentation, object synthesis and completion, demonstrating
significant application potential and scalability.

By invoking and combining Sparse Learning components,
we have validated that planar grids can adequately corre-
spond to the original geometric semantics. This correspon-
dence not only preserves the structural information of the
original 3D data but also significantly reduces computational
complexity through sparse representation, making 3D scene
processing on IoT devices feasible. For simplicity, we em-
ploy a Gaussian object recognition task here, which effec-
tively validates the effectiveness of our framework.

We developed a Sparse Multilayer Fusion Network
(SparseFNet) to leverage our planar representation, with the
network architecture shown in Fig. 3. Following the layered
approach described above, Gaussian objects are processed
to obtain planar grids containing a small portion of high-
resolution (HR) images and a majority of low-resolution
(LR) images. HR images better represent the distribution of
Gaussians attached to the outer manifold, while LR images
typically provide high-curvature details and internal filling.
The images are fed into feature extraction layers, followed
by attention modules that capture feature importance across
different layers, formulated as:

Fout =
N∑
i=1

Wi × Fi (10)

Subsequently, the high-dimensional semantic vectors from
HR and LR undergo multi-scale fusion. Since this differs
from the different resolution fusion in low-level vision, we
choose to use linear layers to approximate this connection.
A classifier composed of fully connected layers produces the
final results from these high-dimensional semantic vectors.

The FeatureEx architecture used for feature extraction
consists of sparse learning and classical 2D deep learning
components. First, CoordConv (Liu et al. 2018) is employed
to integrate planar positional coordinate information into the
post-convolution tensors, ensuring that original sparse pixels
can be perceived by the neural network. The introduction
of L1-regularized convolutional neural networks serves the
same purpose. In the subsequent architecture, we introduce
Gate modules that set channel components below a threshold
to zero after a series of processing steps, reducing unneces-
sary semantic redundancy. Gate modules can also be inte-
grated within Conv Units. All module designs are guided by
sparse learning theory, not only effectively extracting rich
geometric semantic knowledge from planar grid groups but
also significantly reducing computational complexity.

Experiment
Experimental Details
Mapping Details. We have carefully designed the param-
eters for our 3D point-based representation transformation.
The initial ball size is set to 0.005, with incremental growth
of at least 0.002 per iteration or adaptive adjustment based

Figure 4: Adaptive multi-layer BPA-based mapping de-
tails (first 7 layers): A multi-resolution encoding scheme is
adopted, where each pixel’s RGB values correspond to three
attribute parameters of a Gaussian Splatting point.

on inter-point distances. For the adaptive density control
mechanism, we employ a density estimation-guided thresh-
old design, applying uniform downsampling with a factor of
β (typically 0.3) to regions exceeding the threshold. The ini-
tial ball sizes below 0.001 cause mesh failures, but within
0.003-0.006, performance differences are minimal - Cham-
fer Distance fluctuations remain within 1%.

The generated planar representation layers exhibit varying
resolutions: the first three layers are configured as HR (512×
512), while the remaining layers use LR(256× 256). These
settings are optimized to accommodate Gaussian Splatting
scenarios ranging from ten thousand to 100K Gaussians. We
set the maximum expansion layer count K = 10 to ensure
coverage of 99% of the Gaussians.

Prior to injecting Gaussian attributes into the planar rep-
resentation, normalization and quantization preprocessing is
required. We conducted a comprehensive analysis examin-
ing how the compression of different Gaussian attributes
affects visual quality, incorporating findings from relevant
literature (Zhang et al. 2025b; Morgenstern et al. 2024).
Based on these findings, we established our quantization
scheme: 16-bit quantization for coordinate information and
8-bit quantization for other attributes. The quantized at-
tributes can be encoded into image color channels, with
multi-layer visualizations shown in Fig. 4.
Dataset. We employ the ShapeSplat dataset for 3D Gaussian
Splatting, which comprises 65K objects spanning 87 distinct
categories. Based on this data, we construct a comprehensive
surface capture dataset containing over 8K diverse Gaussian
objects from 8 categories to rigorously evaluate the effec-
tiveness and robustness of our 3D framework.
Compression Experimental Setup. The compression ra-
tio testing experiments were conducted following the un-
wrapping process. During the testing phase, we utilized code
from the original 3DGS implementation (Kerbl et al. 2023)
and portions from the 3DGS PoseRender framework (Liu
and Mass 2023). We fine-tuned our VQVAE model (Beyer*
et al. 2024) specifically for our dataset and task require-
ments. All the training and testing were conducted on a
Linux server equipped with an Intel(R) Xeon(R) Silver 4210
CPU @ 2.20GHz and an NVIDIA A100-PCIE-40GB GPU.
Understanding Experimental Setup. To demonstrate the
efficacy of our approach, we focus on the fundamental task
of shape semantic classification as our primary validation
benchmark. Our training configuration employs a learning
rate of 0.0004, cross-entropy loss as the objective function,
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Figure 5: Hierarchical visual effects are demonstrated
through samples with k = 2, 4, 6. For Gaussian Splatting at
the scale of 30K points, k = 2 already captures the core se-
mantic information, despite exhibiting color discontinuities
and geometric distortions; when k > 5, the reconstruction
achieves near-complete coverage of the primary Gaussians,
with only negligible differences.

Figure 6: Quantitative analysis of multiple layers and Gaus-
sian accumulation curves.

and processes data with a batch size of 8.

Experimental Results
Hierarchical Mapping Analysis. For our proposed novel
mapping scheme, we conduct a detailed analysis of the
hierarchical relationships. To facilitate demonstration and
understanding, we select Gaussian objects with 20K-60K
Gaussians for evaluation. The visual contribution of each
layer is visualized as shown in Fig. 5. Large-scale layer
Gaussians capture primary visual semantics, while small-
scale layers refine details. Using only the first two layers
causes color discontinuities and pattern distortions, but re-
tains sufficient semantic content for downstream tasks. We
also report corresponding quantitative analysis, demonstrat-
ing the relationship between visual quality (PSNR and SSIM
(Wang et al. 2004)) and cumulative layer count, as illustrated
in Fig. 6. The corresponding conclusions and visualization
results mutually validate each other.
Compression. Our novel representation enables effective
compression of Gaussians. Unlike other Gaussian compres-
sion tasks, we adopt the rendering quality of the original
Gaussians as our evaluation benchmark. According to our
experiments, by retaining only the top 5 layers with higher
visual contribution, our method achieves a 21× compression
ratio with acceptable visual quality degradation (PSNR loss
of approximately 2.8 dB).
Understanding. For Gaussian shape classification, di-
rect learning baselines on Gaussians are extremely rare;
therefore, we predominantly adopt point cloud learning
paradigms for comparison. However, we have adapted the

Method Data Type Parameters mAcc

PointNet Gaussians* 1.65M 0.8534
PointConv Gaussians* 19.56M 0.8219
PTv2 Gaussians 11.3M 0.8821
PointMLP Gaussians* 12.6M 0.9138
DeLA Gaussians 5.33M 0.9014
SparseFNet Maniflat3D 630K 0.8858

Table 1: Comparison of Gaussian semantic classification
performance. Our method achieves comparable performance
to numerous baselines while significantly reducing model
parameters. * indicates that downsampling was applied.

original network architectures to accommodate Gaussians,
ensuring no inherent bias or inequality in the evaluation.
Our classification task thoroughly validates that the pro-
posed novel representation provides sufficient geometric and
semantic information, and that the designed sparse repre-
sentation network can effectively capture the corresponding
features. The model parameters and the mean accuracy are
reported in the Table 1.

Our planar pixel grid representation provides effective
sparse knowledge for neural networks. When processing
complete Gaussian Splatting data, we achieve comparable
performance using an architecture with only 5% of the pa-
rameters required by 3D deep learning networks. The mature
sparse learning paradigm endows our planar representation
with tremendous potential for further development. Most
methods that directly learn 3D Gaussian representations face
significantly higher computational overhead, which poses a
non-negligible burden for the democratization of 3D object
understanding applications.

Conclusion
We present Maniflat3D, a novel framework that bridges
3D point-based representations and structured 2D learn-
ing paradigms. Our two-stage pipeline, combining enhanced
multi-layer Ball-Pivoting reconstruction with SLIM param-
eterization, effectively converts complex 3D structures into
bijective UV mappings with minimal distortion. Experi-
mental validation on the ShapeSplat dataset demonstrates
the framework’s effectiveness, achieving comparable perfor-
mance with significantly reduced model parameters com-
pared to native 3D baselines, while accomplishing a 21×
compression ratio of Gaussians through neural coding.

Maniflat3D demonstrates the potential for applying es-
tablished 2D learning architectures to advance 3D geomet-
ric understanding. By addressing the computational limita-
tions of specialized 3D architectures, our framework enables
leveraging mature 2D methodologies for complex 3D tasks.
In future work, we intend to investigate diffusion models
to expand applications encompassing Gaussian object in-
painting and generation. This work highlights the promise
of flattened 3D representations and may inspire further ex-
ploration in this direction, offering valuable contributions to
autonomous driving and virtual reality technologies.
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