
3D Gaussian Point Encoders

Jim James
Georgia Tech

jimjames@gatech.edu

Benjamin Wilson
Georgia Tech

Simon Lucey
University of Adelaide

James Hays
Georgia Tech

Abstract

In this work, we introduce the 3D Gaussian Point En-
coder, an explicit per-point embedding built on mixtures of
learned 3D Gaussians. This explicit geometric represen-
tation for 3D recognition tasks is a departure from widely
used implicit representations such as PointNet. However,
it is difficult to learn 3D Gaussian encoders in end-to-
end fashion with standard optimizers. We develop opti-
mization techniques based on natural gradients and dis-
tillation from PointNets to find a Gaussian Basis that can
reconstruct PointNet activations. The resulting 3D Gaus-
sian Point Encoders are faster and more parameter effi-
cient than traditional PointNets. As in the 3D reconstruc-
tion literature where there has been considerable interest in
the move from implicit (e.g., NeRF) to explicit (e.g., Gaus-
sian Splatting) representations, we can take advantage of
computational geometry heuristics to accelerate 3D Gaus-
sian Point Encoders further. We extend filtering techniques
from 3D Gaussian Splatting to construct encoders that run
2.7× faster as a comparable accuracy PointNet while using
46% less memory and 88% fewer FLOPs. Furthermore,
we demonstrate the effectiveness of 3D Gaussian Point En-
coders as a component in Mamba3D, running 1.27× faster
and achieving a reduction in memory and FLOPs by 42%
and 54% respectively. 3D Gaussian Point Encoders are
lightweight enough to achieve high framerates on CPU-only
devices.

1. Introduction
Point cloud processing plays a crucial role in robotics and
autonomous vehicles where LiDAR and related sensors
capture three-dimensional spatial data. Since point clouds
are unordered sets of points, deep networks designed for
point cloud analysis must be permutation invariant to en-
sure consistent representations regardless of input order-
ing. Methods such as PointNet achieve this by employ-
ing symmetric aggregation functions, preserving the inher-
ent structure of the data while enabling effective learning.
This key feature has made PointNet ubiquitous in a vari-

ety of 3D tasks, including: classification [21, 26], detection
[19, 38, 46], and segmentation.

In PointNet, the majority of computational cost arises
from per-point embedding, as it requires computing mul-
tiple large MLPs across a high number of points in each
input point cloud. In contrast, the classifier stage applies
MLPs only to a single global feature, making it relatively
lightweight. To address this inefficiency, prior works have
explored alternative approaches [44], such as LUTI-MLP
[28], which replaces computationally expensive ReLU-
MLP operations with lookup tables, and GPointNet [29],
which employs single Gaussians. Although these methods
greatly reduce FLOPs per sample compared to PointNet,
their throughput on low-power platforms, such as CPU in-
ference, remains limited. LUTI-MLP suffers from complex
memory access patterns, while GPointNet requires evalu-
ating a large number of Gaussian kernels, both of which
hinder performance in resource-constrained environments.

Recently, explicit models based on mixtures of 3D Gaus-
sians have gained traction in the view-synthesis literature
due to their ability to efficiently represent volumetric data
[5, 8, 14, 17]. Several studies have leveraged the explicit
nature of 3D Gaussians to reduce computational costs, em-
ploying techniques such as Gaussian pruning [8, 15, 22] and
heuristic-based filtering of low-value Gaussian-point pairs
[14, 39]. These optimizations significantly accelerate infer-
ence compared to per-point coordinate networks.

In this work, we propose a novel 3D Gaussian Point
Encoder, a per-point embedding that integrates PointNet’s
max-pooling aggregation with performance optimizations
from view synthesis using mixtures of 3D Gaussians. By
interpreting each dimension of PointNet’s embedding func-
tion as a volumetric representation, we leverage the capac-
ity of 3D Gaussian mixtures to model volumes, enabling a
lightweight approximation of a pre-trained PointNet. More-
over, we demonstrate it is possible to train this encoder end-
to-end through Gaussian-specific natural gradient methods.
Additionally, we exploit the explicit structure of Gaus-
sians to enhance computational efficiency through filter-
ing Gaussian-Point pairs. To assess the effectiveness of
our approach, we conduct shape classification experiments
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on ModelNet40 [36] and ScanObjectNN [31] while equip-
ping our encoder with classical and modern classifiers from
PointNet and Mamba3D. In summary, our primary contri-
butions are:

(i) We present a novel explicit 3D representation as a
drop in replacement for the implicit PointNet repre-
sentations which are ubiquitous in 3D scene under-
standing

(ii) We discover that 3D Gaussian representations present
significant optimization challenges when using off-
the-shelf optimizers. We find two paths to overcome
this roadblock – distillation from PointNet teachers
and direct optimization with Natural Gradients

(iii) We show that explicit representations can benefit
from geometric acceleration techniques, such as pair-
wise Gaussian-point filtering, inspired by the 3DGS
literature

(iv) We demonstrate that 3D Gaussian representations
can achieve similar levels of accuracy to PointNet
per-point embeddings, while achieving 2.7× higher
throughput and 46% less memory. When integrated
into Mamba3D, we achieve 1.27× the throughput and
42% less memory.

2. Related Work

Point Embeddings. PointNet [25] is one of the first mod-
els to directly process point clouds, utilizing a per-point
MLP with ReLU activations followed by a max-pooling
operator. The output of this MLP serves as a spatial en-
coding for each point, while max-pooling aggregates these
per-point embeddings into a single global feature represent-
ing the entire point cloud. Several works have extended
PointNet to support hierarchical feature learning, including
PointNet++ [25] and its modern variants [21, 27].

Several approaches rely on Transformers [32] as a com-
ponent of their backbone, such as Point Cloud Transformer
[11] and Point Transformer [34, 35, 43]. Transformer meth-
ods have the advantage of being possible to train from the
vast quantity of unlabeled data via self-supervised learning,
as done in Point-MAE [23] and Point-BERT [40]. How-
ever, Transformers suffer from quadratic time complexity in
sequence length, potentially resulting in inefficiency when
processing large point sets. To resolve this issue, recent ap-
proaches instead utilize Mamba [4, 10], a structured state
space model alternative to the Transformer with linear time
complexity. PointMamba [20] and PCM [42] aim to pro-
duce a vanilla Mamba-based model without a hierarchi-
cal encoder architecture. Most recently, Mamba3D [13]
achieves near state-of-the-art performance on point classi-
fication, expanding upon PointMamba through the use of a
bidirectional Mamba variant and local feature aggregation.

Efficient PointNet Variants. A variety of prior works
have explored efficient point encoders based on PointNet’s
per-point embedding with max-pooling framework. LUTI-
MLP [28] utilizes a lookup table per dimension of Point-
Net’s embeddings formed followed by trilinear interpola-
tion to form point embeddings. The lookup table is opti-
mized during training time by discretizing and interpolat-
ing a pre-trained PointNet MLP, which is then voxelized
at test time. This results in faster calculation of point em-
beddings compared to PointNet’s MLP for 3D point clouds.
However, as the input dimension increases, the runtime
and memory cost grows exponentially due to the increased
lookup table size and number of neighbors to interpolate.
GPointNet [29] instead represents each dimension of a point
embedding via the likelihood of a single anisotropic Gaus-
sian, resulting in an encoder requiring significantly fewer
FLOPs per sample compared to PointNet. Other approaches
[41, 44] additionally utilize untrained random features for
improved robustness. RobustPPE [44] uses random fourier
features in place of an MLP, while VecKM [41] leverages
randomized kernels to replace sampling and grouping oper-
ations typically used for encoding local geometric features.

Preconditioning and Natural Gradients. Precondition-
ing is a technique in which an optimization problem is trans-
formed to make it more amenable to numerical solvers.
Several optimizers internally apply preconditioning to their
gradients to stabilize training. These include the diagonal
preconditioners in AdaGrad [6] and Adam [18], as well
as the block diagonal preconditioners in modern optimizers
such as Shampoo [12] and SOAP [33]. One explicit form
of preconditioning is Natural Gradients [1], a generaliza-
tion of steepest descent for arbitrary metric spaces. This in
contrast to standard gradient descent, where steps are con-
sidered with fixed Euclidean distance. Amari [1] demon-
strated that given a metric, Natural Gradient descent can be
viewed as preconditioning the gradients by the inverse of
the metric space’s Riemannian metric tensor.

Mixtures of Gaussians as Approximators. Methods uti-
lizing mixtures of Gaussians, or more generally, radial ba-
sis functions [24], have been widely studied. Classical
works have used isotropic Gaussians to approximate vol-
umes [45]. Most recently, a variety of works involving
Gaussians have been applied to novel view synthesis. 3D
Gaussian Splatting (3DGS) [17] represents volumes via a
mixture of anisotropic Gaussians, and is able to render
novel views signficantly faster than coordinate networks.
The use of explicit Gaussians allows the method to ex-
ploit sparsity in real-world scenes. However, optimizing the
set of Gaussians requires additional techniques compared
to coordinate neural network-based approaches. Niemeyer
et al. [22] notes that utilizing guidance from a pre-trained
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coordinate network can help train a more robust Gaussian
representation to work around this issue.

Several works [7, 8, 15, 22] have reduced the compu-
tational costs of 3DGS via pruning and filtering. Ye et al.
[39] improve runtime by learning a truncation threshold on
the Mahalanobis distance for each Gaussian, while Hanson
et al. [14] instead propose filtering before the Mahalanobis
distance calculation by bounding each Gaussian with a rect-
angle or bounding via tiles, and then only computing points
that fall within each bounding box or tile respectively.

3. Method

We introduce the 3D Gaussian Point Encoder (3DGPE),
which replaces PointNet representations by simple, explicit
3D Gaussian functions for effective 3D shape classifica-
tion. Surprisingly, we find that distilling point cloud fea-
tures into a Gaussian-based network yields superior perfor-
mance compared to directly optimizing Gaussian parame-
ters. Additionally, our 3D Gaussian representation signif-
icantly reduces computational overhead by efficiently re-
moving Gaussians and Gaussian-point pairs that do not
meaningfully contribute to the final feature representation.

Our 3D Gaussian Point Encoder comprises two key
components: the Gaussian Basis Encoder and the Gaus-
sian Basis Mixer. The Gaussian Basis Encoder encodes
a point’s representation by computing its proximity to a
set of 3D Gaussians, effectively capturing local geometric
features. The Gaussian Basis Mixer then integrates these
Gaussian-based features, transforming them into a richer
and more expressive feature representation. This structured
approach enables efficient and flexible encoding of spatial
information for downstream tasks. In the following section,
we outline their construction.

3.1. Gaussian Basis Encoder
The Gaussian Basis Encoder is a parametric function that
maps input points from a 3D point cloud into a struc-
tured feature space using a set of learnable Gaussian func-
tions. Given a point cloud X = {xi}Ni=1, where each point
xi ∈ R3, the encoder represents the input as a mixture of
spatial Gaussians. Each Gaussian component g is defined
by a mean µg ∈ R3, which represents the center of the
Gaussian in 3D space; a precision matrix (inverse of covari-
ance matrix) Σ−1

g ∈ R3×3, modeling spatial extent; and a
set of mixture coefficients {αg,k}Kk=1, where K denotes the
number of activation volumes.

Precision Matrix Parameterization. To ensure that Σ−1
g

remains positive semi-definite, we parameterize it using the
Cholesky decomposition [5]:

Σ−1
g = LgL

⊤
g , (1)

where Lg is a lower triangular matrix. This factorization
guarantees valid precision matrices while enabling efficient
optimization. We parameterize precision directly to reduce
the risk of numerical instability during training.

Feature Encoding. For each input point x, we compute
its unweighted Gaussian likelihood under each Gaussian g
as follows:

ϕg(x) = exp

(
−1

2
(x− µg)

⊤Σ−1
g (x− µg)

)
. (2)

This function measures the proximity of x to the Gaussian
distribution centered at µg , with spatial spread determined
by Σg .

3.2. Gaussian Basis Mixer
Following the Gaussian Basis Encoder, we introduce the
Gaussian Basis Mixer, a critical component of our architec-
ture that distinguishes it from prior methods such as GPoint-
Net [29]. Unlike previous approaches, the Gaussian Ba-
sis Mixer employs shared Gaussians across multiple acti-
vation volumes, effectively utilizing these Gaussians as ba-
sis functions. This design exploits redundancy, enhancing
efficiency and enabling the network to represent complex
activation volumes beyond simple ellipsoids.

Mathematically, the Gaussian Basis Mixer applies a lin-
ear layer using mixture coefficients to combine Gaussians
and form activation volumes:

lk(x) =

NG∑
g=1

αg,kϕg(x) + bk, (3)

where bk is a bias term unique to each activation volume.
Following this, we maxpool across points to produce a
permutation-invariant global feature.

Gaussian sharing significantly reduces latency and mem-
ory overhead as the input dimension increases, addressing
a key computational bottleneck. The complexity of com-
puting Gaussian likelihoods grows quadratically with input
dimension due to the Mahalanobis distance computation. In
contrast, the additional cost of uniquely recombining Gaus-
sians for each activation volume scales only linearly with
both the total number of Gaussians (NG) and the number of
activation volumes (K). This trade-off enables our archi-
tecture to efficiently handle high-dimensional inputs while
maintaining expressiveness.

3.3. Shape Classification Architecture
We primarily experiment with utilizing our encoder
with two classification architectures: PointNet [25] and
Mamba3D [13].
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Figure 1. Base architecture of 3DGPE. An input point cloud is first pre-processed, such as by a T-Net or through Farthest Point Sampling
and KNN. Afterwards, each input point is processed independently through the Gaussian Basis Encoder by first computing a set of Gaussian
likelihoods, followed by the Gaussian Basis Mixer, mixing the likelihoods to form a set of embeddings for each activation volume. We
max-pool across points to derive a global feature which is then passed to a downstream classifier, such as an MLP.
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Figure 2. Implicit to Explicit 3D Knowledge Distillation. Points
are sampled and pre-processed (T-Net or FPS + KNN) before be-
ing passed through each encoder. We then measure L1 loss be-
tween the 3D Gaussian Point Encoder and PointNet per-point em-
beddings. Maroon outlines indicate trainable components, while
blue indicates frozen components.

3D Gaussian Point Encoder with PointNet. The 3D
Gaussian Point Encoder serves as the per-point embedding
network; however, we add a few critical components to
mimic a PointNet. The T-Net used in PointNet predicts a
rotation matrix to achieve invariance to geometric transfor-
mations such as translation, rotation, and scaling. Since it’s
constructed from a PointNet, we are able to replace it with
a 3DGPE network. We add the 3D Gaussian T-Net prior
to passing the points through the backbone network. Af-
ter then generating the global feature from the 3DGPE net-
work, we compute our class logits by passing the global
feature through a simple MLP classifier. This is equivalent
in architecture to PointNet’s classifier.

3D Gaussian Point Encoder with Mamba3D. Here,
the 3D Gaussian Point Encoder serves as the patch en-
coder, generating feature embeddings for point sets formed
through farthest point sampling and KNN-based grouping.
After the point patches have been passed through the 3D
Gaussian Point Encoder, we pass these embeddings through
Mamba3D’s middle encoder blocks while applying posi-

tional encodings. These blocks consist of a per-group nor-
malization and feature aggregation operation, followed by a
bi-directional state space model to capture global informa-
tion about the point patch embeddings. We then compute
class logits by applying an MLP classifier to the aggregated
point embeddings. See Han et al. [13] for more details.

3.4. Optimization of 3D Gaussian Point Encoder
We observe that end-to-end training of the 3D Gaussian
Point Encoder with standard optimizers yields significantly
lower performance compared to baseline models in Point-
Net and Mamba3D, as shown in Tab. 2. We uncover two
strategies to bypass this roadblock. The first is precondi-
tioning the gradient via natural gradients, and the second is
to distill the implicit geometry of PointNet features to the
explicit geometry of 3DGPE.

3.4.1. Natural Gradients for 3D Gaussians
Standard gradient descent minimizes loss by stepping in the
direction of steepest decrease in the loss, assuming a fixed
step size in Euclidean distance. Natural gradients [1] gen-
eralize this by considering a different metric for step size,
often resulting in faster convergence. Amari [1] notes that
natural gradient descent can be performed via SGD while
preconditioning the gradients by the inverse of the Rieman-
nian metric tensor associated with a given parameter space,
like so:

xt+1 = xt − γG−1∇L(xt), (4)

where xt is a parameter at iteration t, γ is the learning rate,
G is the Riemannian metric tensor, and L is the loss func-
tion. Gaussians as primitives admit two natural metrics.

Mahalanobis Distance. Gaussian likelihoods are a func-
tion of the Mahalanobis distance of a query point to the
mean with respect to the precision matrix. Accordingly, we
can consider each Gaussian’s mean an element in the met-
ric space equipped with the Mahalanobis distance given its
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precision matrix. In this case, the Riemannian metric tensor
is the precision matrix itself [16]. Thus, the natural gradient
update for the g-th Gaussian’s mean becomes:

µt+1
g = µt

g − γΣt
g∇L

(
µt

g

)
. (5)

See Sec. 1 of the supplemental material for an example.

Fisher Information Metric. If we view each Gaussian
primitive as a probability distribution, we can treat its mean
and Cholesky decomposition parameters combined as an el-
ement in a parameter space defining probability distribu-
tions. One commonly used divergence for comparing such
distributions is the KL divergence. The KL divergence can
be approximated via a second order Taylor expansion to
Fisher Information [30]. In this case, the Riemannian met-
ric tensor is the Fisher Information Matrix F g , whose in-
verse can be easily computed in closed form and includes
the same mean update as the Mahalanobis case [30]. Thus,
the natural gradient update for the g-th Gaussian’s parame-
ters becomes:(

µt+1
g ,Lt+1

g

)
=

(
µt

g,L
t
g

)
− γF−1

g ∇L
(
µt

g,L
t
g

)
. (6)

In comparison to preconditioners applied by AdaGrad-
inspired optimizers [6, 18], neither of these preconditioning
matrices are constrained to be diagonal, allowing them to
capture more of the local geometry of each Gaussian. Fur-
thermore, while optimizers like Shampoo [12] and SOAP
[33] instead utilize block diagonal preconditioning matri-
ces, they recalculate the preconditioning matrices only for a
subset of gradient updates for efficiency.

3.4.2. Implicit to Explicit 3D Knowledge Distillation
Our second approach is to first directly supervise our 3D
Gaussian Point Encoder via a pre-trained PointNet-style
per-point embedding. For our PointNet classification ex-
periments, we perform this in three stages. Initially, we op-
timize the first Gaussian Basis Encoder, which serves as a T-
Net, by sampling random points from the minimum bound-
ing rectangular prism of the training set (e.g., the unit cube).
We then minimize the L1 loss between the per-point em-
beddings of PointNet’s T-Net and those generated by the
Gaussian Basis Encoder, prior to maxpooling.

Next, we enhance the 3D Gaussian Basis T-Net by in-
corporating a copy of the transform regressor MLP from
the pre-trained T-Net. Once the per-point encodings for
the T-Net are aligned, we proceed to optimize the main
Gaussian Basis Encoder, which replaces the PointNet en-
coder. This optimization follows a similar process: sam-
pling points from the bounding rectangular prism, comput-
ing the transformed points via each encoder’s T-Net, and
minimizing the L1 loss between the per-point embeddings
produced by each encoder.

(a) Distance Filtering (b) Bounding-box Fil-
tering

(c) Voxel Filtering

Figure 3. Pairwise Gaussian-Point Filtering. (a) Distance filter-
ing only evaluates Gaussian-Point pairs within a radius of a Gaus-
sian’s mean. (b) Bounding-box Filtering evaluates Gaussian-Point
pairs when a point falls within the axis-aligned bounding box cen-
ter on a Gaussian. (c) Voxel Filtering evaluates Gaussian-Point
pairs when a point lies in a voxel occupied with sufficiently high
likelihood by a given Gaussian.

After this distillation phase, the model is trained end-to-
end on the training set, utilizing a copy of the parent model’s
classifier. To preserve the learned per-point embeddings, we
apply a reduced learning rate to both the T-Net encoder and
the main encoder parameters, preventing significant devia-
tions in their representations.

For our Mamba3D classification experiments, we only
need two stages, as there is only one per-point embedding
to distill. We optimize our 3DGPE network, which serves
as a patch encoder, by instead sampling point clouds from
the training dataset, and applying farthest point sampling
and KNN-based grouping to generate in-distribution point
patches. Similar to the PointNet case, we aim to minimize
L1 loss of the encoders’ per-point embedding, following
this up with end-to-end training with a copy of the parent
model’s middle encoder and classifier.

3.5. Filtering via Explicit 3D Geometry
Inspired by the pruning and filtering techniques in 3DGS
[5, 7, 8, 22], we introduce Pairwise Gaussian-Point Filtering
at inference-time in our encoder to further improve compu-
tational efficiency.

Computing the Mahalanobis distance has quadratic com-
plexity in input dimension, making it relatively expensive.
However, our experiments also reveal that a sizable percent-
age of the calculated Gaussian likelihoods are very small
(see Fig. 2 in the supplemental). If the likelihood is suf-
ficiently small, we can potentially filter it out and instead
assume it to be zero. This requires a heuristic that is sig-
nificantly faster to compute than Mahalanobis distance. We
experiment with three heuristics:

(i) Distance Filtering. We compute the Euclidean
distance to each Gaussian’s mean, which only re-
quires linear complexity in dimension as opposed
to quadratic. We then threshold the distances by
2λg log

(
αg,max
tdistance

)
, where λg is the largest eigenvalue
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of the covariance matrix. We only evaluate the like-
lihood for Gaussian-point pairs below this distance.
In essence, this method bounds an anistropic Gaus-
sian with an isotropic Gaussian. This is variant of the
method used by 3DGS [17].

(ii) Bounding-box Filtering. We compute the minimal
axis-aligned bounding box for each Gaussian confi-
dence ellipsoid given a threshold tbbox, which requires
bilinear computational cost in input dimension and
number of Gaussians. Then, we check to see if a
point falls within a bounding box before computing
its likelihood. This is closely related to the “Snug-
Box” technique proposed by Hanson et al. [14] for
3DGS, except extended to arbitrary dimensions rather
than 2D.

(iii) Voxel Filtering. We coarsely voxelize the input vol-
ume by Dvoxel in each dimension and pre-compute the
maximum weighted likelihood of each Gaussian for
points falling within each voxel. We cache the list of
Gaussians with weighted likelihood above a threshold
tvoxel, and at runtime we only compute the likelihood
of Gaussian-point pairs for each point’s voxel’s Gaus-
sian list. This is related to the “AccuTile” technique
proposed by Hanson et al. [14] for 3DGS, except we
pre-compute the weighted likelihoods rather than de-
rive them with an iterative algorithm.

Each of these methods comes with various advantages
and disadvantages. Method (i) benefits from re-using the
computation of the difference between the points and the
means, but is a poor heuristic if the Gaussians are highly
anistropic. Method (ii) requires extra computation to de-
termine bounding box occupancy, but more tightly encloses
highly anistropic Gaussians than (i). Finally, method (iii)
can be implemented with very low computational costs at
runtime using by a lookup table for the Gaussian lists and
is the most accurate heuristic given a large enough Dvoxel,
but similar to LUTI-MLP [28], has exponential memory re-
quirements in input dimension.

3.6. Implementation Details

We implement our encoder in pure PyTorch, using [37] as
a reference PointNet implementation for distillation experi-
ments. Since our 3D Gaussian Point Encoder does not em-
ploy a feature transform (only an input transform via T-Net),
we modify the PointNet implementation to remove the fea-
ture transform. We utilize Mamba3D’s official code and
checkpoints for our Mamba3D experiments.

When training both our PointNet and Mamba3D vari-
ants end to end with natural gradients, we utilize SGD for
the Gaussian parameters with a learning rate of 0.005 on
the means and 0.005 on the Cholesky factors, while using
AdamW for the rest of the network. During distillation, we
train all components of our models using AdamW with a

learning rate of 1.6× 10−3 for the means, 5× 10−4 for the
diagonal Cholesky elements, and 1 × 10−4 for the lower
triangular Cholesky elements, mixture coefficients, and bi-
ases. MLPs used for 3D Gaussian T-Nets and classifiers
utilize a learning rate of 1 × 10−4. The learning rates for
the encoder parameters are reduced by a factor of 100 when
fine-tuning following the initial distillation.

4. Experiments
4.1. Shape Classification with PointNet and

Mamba3D
We benchmark our encoder on shape classification using the
ModelNet40 [36] and ScanObjectNN [31] datasets. Model-
Net40 consists of 9,843 training and 2,468 testing meshes
of axis-aligned CAD models across 40 classes. We utilize
the hardest “PB T50 RS” variant of ScanObjectNN, con-
sisting of 11,416 training and 2,882 testing real-world 3D
scans across 15 object classes. For both datasets, we reserve
25% of the training samples as validation data for our ab-
lations and hyperparameter selection. Following common
practice, we report both class-averaged accuracy (mAcc.)
and overall accuracy (OA) as our metrics. Furthermore, we
measure FLOPs using FVCore. To gauge performance on
varying hardware platforms, we measure GPU and CPU la-
tency using PyTorch’s profiler. GPU latency is measured
on a single RTX 4070 Mobile GPU with a point cloud size
of 2048 points, while CPU latency is measured on a low
power ARM CPU (Rockchip RK3588) for methods that do
not require custom CUDA extensions.

4.1.1. Shape Classification Baselines
For our PointNet experiments, we primarily compare
against a PointNet with both an input transform and fea-
ture transform, as well as GPointNet, LUTI-MLP, and a
PointNet pruned according to [2]. For our Mamba3D ex-
periments, we instead compare against other Transformer
and Mamba based architectures, including VecKM [41] as
a patch encoder. Additionally, we include hierarchical ar-
chitectures in PointNet++ [26], PointMLP [21], and Point-
NeXT [27], as well as a near state-of-the-art method in
DeLA [3] for reference. All methods are evaluated with-
out voting or cross-modal pre-training. We utilize rotation
around the vertical axis for ScanObjectNN, and scaling by
± 20% and translation by Gaussian noise with a standard
deviation of 0.01 for ModelNet40. For both PointNet and
Mamba3D experiments, we set NG to 32 and we utilize the
Mahalanobis distance natural gradient. Our filtered Point-
Net model utilizes bounding-box filtering at test time with
tbbox of 0.10.

4.1.2. Comparison to PointNet-like Architectures
All PointNet-style classifiers perform comparably on Mod-
elNet40. However, both GPointNet and LUTI-MLP un-
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Table 1. Shape Classification Results. FLOPs and Latency are computed per sample on ScanObjectNN with 2048 input points. X
indicates that the model cannot be run on CPU, N indicates end-to-end with natural gradients, D indicates distilled, F indicates filtered. *
indicates weights are not publicly available, so we cannot directly compare memory and latency.

ModelNet40 ScanObjectNN FLOPs Params GPU Latency CPU Latency Memory

Method mAcc. (%) OA (%) mAcc. (%) OA (%) (G) (M) (ms) (ms) (MB)

PointNet-Like Architectures

PointNet [25] 86.1 90.0 65.2 69.0 0.891 3.47 1.00 110.2 1057
PointNet (no FT) 86.4 90.2 65.3 69.3 0.582 1.61 0.62 69.3 1039
GPointNet [29] 84.3 89.2 58.4 61.5 0.052 1.34 14.81 396.7 2747
LUTI-MLP [28] 85.9 88.0 60.9 63.4 0.032 1.03 3.67 258.9 4839
Pruned PointNet* [2] - 88.2 - 71.7 - 1.36 - - -

3DGPE (N) 86.4 90.1 65.5 69.0 0.068 1.39 0.44 45.7 573
PointNet → 3DGPE (D) 86.1 90.3 65.3 69.1 0.068 1.39 0.44 45.7 573
PointNet → 3DGPE (D + F) 85.3 89.8 65.8 69.2 0.064 1.39 0.36 37.6 605

Dedicated & Hierarchical Architectures

PointNet++ [26] 91.8 89.1 76.0 77.8 1.68 1.5 5.9 403.4 1215
PointMLP [21] 91.3 94.1 83.9 85.4 31.4 12.6 7.7 X 1801
PointNeXT [27] 90.8 93.2 85.8 87.7 1.6 1.4 1.8 X 1257
DeLA [3] 92.2 94.0 89.3 90.4 1.5 5.3 0.9 X 1177
SimpleView [9] - 93.9 - 80.5 - - - X -

Transformer and Mamba Architectures

PCT [11] - 93.2 - - 2.3 2.9 14.8 X 6677
PCM [42] 90.7 93.4 86.6 88.1 45.0 34.2 31.4 X 5533
PointMamba [20] - 92.4 - 84.9 3.1 12.3 8.3 X 1510
Mamba3D [13] 89.7 93.3 90.6 91.6 3.9 16.9 10.4 X 1413
VecKM + Mamba3D [13, 41] 90.5 93.4 86.1 88.8 5.1 16.4 9.2 X 1738

3DGPE + Mamba3D (N) 89.9 93.6 86.4 88.0 1.8 16.5 8.2 X 817
3DGPE + Mamba3D (D) 89.8 93.5 86.6 88.5 1.8 16.5 8.2 X 817
3DGPE + Mamba3D (D + F) 89.6 93.3 86.0 88.3 1.8 16.5 7.8 X 853

derperform PointNet on ScanObjectNN compared to Point-
Net by approximately 7.8 and 5.9 percentage points respec-
tively. We hypothesize that GPointNet’s relatively low per-
formance arises from its inability to model complex activa-
tion volumes, potentially making it harder to deal with the
large perturbations present in ScanObjectNN. LUTI-MLP’s
lower performance may be also be a result of its modified
T-Net, as it uses a tanh activation to constrain point clouds
to fit in the unit cube, potentially resulting in deformation
that interferes with its interpolation. In comparison, our 3D
Gaussian Point Encoder performs comparably to PointNet,
achieving the 2nd highest accuracy.

Overall, we find that the 3D Gaussian Point Encoder
with PointNet achieves the lowest latency out of all the
models tested, achieving approximately 2.7× the through-
put of a standard PointNet on a mobile GPU and 2.9×
on a lower power CPU. Interestingly, despite the fact that
both GPointNet and LUTI-MLP have lower FLOPs counts,
both methods have substantially higher latency. Our latency
advantage over these methods also holds on CPU, where
both GPointNet and LUTI-MLP become prohibitively ex-
pensive, with throughputs under 4 samples per second. In
the case of LUTI-MLP, this may be a result of the indexing

operations required for interpolating the lookup table only
being efficient with custom CUDA kernels.

4.1.3. Comparison to Advanced Architectures
Among the Transformer and Mamba architectures, all
methods perform comparably on ModelNet40. On ScanOb-
jectNN, Mamba3D performs the best, with our 3D Gaussian
Point Encoder performing similarly to PCM. Nonetheless,
in comparison to these architectures, our model achieves the
lowest FLOPs, latency, and memory. In fact, our model
achieves the second lowest memory usage across all model
types, highlighting how impactful the encoder design can be
towards total memory usage. Compared to Mamba3D, our
encoder reduces FLOPs by approximately 54% and mem-
ory by 42%, while increasing throughput by 1.27×. This
performance advantage holds when compared to VecKM as
a patch encoder, though to a lesser extent.

4.2. Ablations
We ablate the impact of training each of the Gaussian pa-
rameters as well as optimization methods. All ablations are
carried out on ScanObjectNN with evaluation performed on
the validation set. An additional ablation on filtering meth-
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ods is included in Sec. 2 in the supplemental.

Table 2. Comparisons on NG and Optimization Methods.
Results are class-averaged accuracies on the validation split of
ScanObjectNN averaged over 10 trials, listed alongside standard
deviation. X denotes incompatibility. Mahalanobis and Fisher re-
fer to the Mahalanobis distance and Fisher information metric nat-
ural gradients respectively.

mAcc. (%)

NG Distill Mahalanobis Fisher Adam SOAP

3DGPE

16 68.6 ± 1.0 65.9 ± 5.2 66.3 ± 4.1 43.7 ± 28.1 60.0 ± 6.8
24 71.1 ± 4.4 72.4 ± 3.6 69.9 ± 5.1 65.8 ± 4.3 68.3 ± 5.3
32 81.6 ± 4.9 78.2 ± 4.3 77.4 ± 2.4 52.4 ± 23.6 72.9 ± 6.5
64 82.8 ± 3.7 81.3 ± 4.2 79.5 ± 3.1 78.4 ± 5.0 77.4 ± 7.2

3DGPE + Mamba3D

16 84.3 ± 2.4 85.1 ± 2.2 82.6 ± 8.5 76.7 ± 5.3 X
24 85.8 ± 3.2 85.7 ± 3.7 83.8 ± 4.6 77.5 ± 6.9 X
32 87.6 ± 2.0 86.9 ± 1.5 87.5 ± 2.1 78.6 ± 6.6 X
64 88.2 ± 2.1 87.6 ± 2.6 87.2 ± 4.2 81.4 ± 7.6 X

4.2.1. Varying the Number of Gaussians
We report the validation accuracies as we tweak the num-
ber of Gaussians, NG in Tab. 2. Intuitively, performance
generally increases as NG increases, as the Gaussian mix-
tures are better able to approximate PointNet’s activation
volumes. However, the performance does not significantly
improve when increasing NG from 32 to 64.

4.2.2. Optimization Techniques
To validate the impact of natural gradients and distillation,
we train both of our 3D Gaussian Point Encoder-based mod-
els from scratch with Adam [18], and only our PointNet
model with SOAP [33], as Mamba3D immediately returns
NaN loss with it. In Tab. 2 we demonstrate that training
both models end-to-end with Adam necessitates a substan-
tial increase in NG to achieve acceptable performance, con-
sequently resulting in increased computational cost. More-
over, we observe that, for most values of NG, models
trained end-to-end with standard optimizers exhibit signifi-
cantly higher variability, and even their best-performing tri-
als consistently underperform compared to trials utilizing
either PointNet guidance or natural gradients. We hypothe-
size that this elevated variance arises from both the limited
number of tunable parameters, which makes the optimiza-
tion process more fragile, and heightened sensitivity to pa-
rameter initialization, especially with respect to the Gaus-
sian means. We believe the preconditioned mean updates
from both natural gradient methods, and to a lesser extent,
SOAP, allow them to mitigate some of this sensitivity.

4.2.3. Trainable Parameters
We experiment with fixing the means, lower triangular co-
variance entries, and diagonal covariance entries of each

Table 3. Ablations on Trainable Gaussian Parameters. Results
are class-averaged accuracies on the validation split of ScanOb-
jectNN, and are averaged over 5 training runs with distillation.
Performance generally decreases as more parameters are fixed.

Trainable Parameters

NG Mean L. Triang. Diag. mAcc. (%)

16

✓ ✓ ✓ 68.6
✗ ✓ ✓ 64.3 (-4.3)
✗ ✗ ✓ 59.9 (-8.7)
✗ ✗ ✗ 60.6 (-8.0)

32

✓ ✓ ✓ 81.6
✗ ✓ ✓ 62.2 (-19.4)
✗ ✗ ✓ 66.0 (-15.6)
✗ ✗ ✗ 65.5 (-16.1)

64

✓ ✓ ✓ 82.8
✗ ✓ ✓ 75.4 (-7.4)
✗ ✗ ✓ 72.2 (-10.6)
✗ ✗ ✗ 69.7 (-13.1)

of the Gaussians in our PointNet experiments. Fixing the
lower triangular elements to zero makes the Mahalanobis
Distance calculation more efficient but constrains the Gaus-
sians to be axis-aligned, while fixing all the covariance en-
tries constrains all Gaussians to have identity covariances.
The results of this experiment are shown in Tab. 3. In gen-
eral, we find that all three Gaussian parameters contribute
strongly to the model performance, with an especially sharp
reduction in performance with diagonal covariance.

5. Discussion and Conclusion
In this paper, we introduced the 3D Gaussian Point En-
coder, a novel point embedding architecture inspired by
the explicit geometry of 3D Gaussian Splatting. Our ex-
periments demonstrate that, when trained via natural gra-
dients or 3D Knowledge Distillation, the 3D Gaussian
Point Encoder achieves performance comparable to Point-
Net while significantly surpassing it in computational effi-
ciency, delivering 2.7× higher throughput while using 46%
less memory. Furthermore, the encoder integrates well into
modern architectures like Mamba3D, improving throughput
by 1.27× and reducing memory by 42%.

5.1. Limitations
Our 3D Gaussian Point Encoder requires more careful op-
timization techniques than PointNet, and will likely not be
suitable in cases where PointNet embeddings do not per-
form adequately. On Mamba3D experiments, 3DGPE was
unable to optimize to the full level of performance as the
original model. Furthermore, we only focus on classifica-
tion. Higher dimensional inputs, such as decorators used
in semantic segmentation and detection, may present unex-
pected challenges in fitting the Gaussian representation.
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