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Abstract: Point cloud classification is a foundational task in 3D scene understanding, with applications in autonomous driving,
robotics, and medical image analysis. PointNet established a principled framework for directly consuming unordered 3D point sets
via shared Multi-Layer Perceptrons (MLPs) and a Spatial Transformer Network (T-Net) with orthogonal regularization. Despite its
efficiency, PointNet’s reliance on global max-pooling inside the T-Net discards potentially informative inter-point context, leading
to suboptimal feature alignment under challenging conditions. In this work, we propose AT-PointNet (Attention-augmented T-Net
PointNet), a hybrid architecture that replaces the global max-pooling aggregation inside both T-Net modules with a lightweight Multi-
Head Self-Attention (MHSA) mechanism. This modification enables the network to selectively weight point contributions based on
global relational context before computing the transformation matrix, yielding richer and more discriminative feature representations
while preserving PointNet’s permutation invariance. We evaluate AT-PointNet on the ModelNet10 benchmark, achieving an overall
classification accuracy of 92.4%—a +2.1 percentage point improvement over the vanilla PointNet baseline (90.3%) under identical
training conditions. Ablation studies confirm that the MHSA module in the input T-Net contributes the largest accuracy gain (+1.4%),
and that four attention heads represent the optimal configuration. Comprehensive per-class analysis, ROC curves, confusion matrix
decompositions, and attention visualization demonstrate the interpretability advantages of the proposed architecture.

Keywords: Point cloud classification, PointNet, self-attention, transformer, T-Net, spatial transformer network, ModelNet10, 3D deep
learning, attention mechanism

1 Introduction

The proliferation of affordable 3D sensing
hardware—including LiDAR scanners, RGB-D cameras,
and structured-light sensors—has catalyzed intense
research interest in learning directly from point cloud
data. Unlike voxel grids or multi-view images, raw point
clouds faithfully preserve the geometric structure of 3D
objects at modest memory cost and without discretization
artifacts [1,2]. Consequently, accurate deep-learning
architectures for point cloud processing are in high

demand across autonomous driving [3,4], robotic
manipulation, and 3D medical imaging.

Point cloud data presents three fundamental
challenges: (1) permutation invariance—the N-point set
has no canonical ordering; (2) rigid-motion
invariance—results should be independent of global
rotation and translation; and (3) density
variability—real-world scans exhibit non-uniform
sampling [5,6]. PointNet [1] addresses the first two
challenges by applying shared MLPs per point and
aggregating via a symmetric global max-pooling
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operation. Spatial alignment is achieved by a
mini-network—the T-Net—that predicts a transformation
matrix constrained by an orthogonal regularizer.

Despite its conceptual elegance, PointNet’s T-Net
relies exclusively on global max-pooling to aggregate
point features before predicting the transformation
matrix. This hard aggregation selects only the maximum
activation per feature dimension, discarding the relational
context between points. Consequently, the learned
transformation matrices may be less discriminative under
partial occlusion, background clutter, or intra-class shape
variability.

Transformer-based architectures [7,8] have
demonstrated remarkable success in NLP and, more
recently, in 3D vision tasks [9,11,10]. The self-attention
mechanism computes weighted aggregations over all
input elements, allowing each output to be informed by
global context—a property ideally suited to replacing
max-pooling inside T-Net.

In this paper, we propose a minimally invasive
augmentation: we retain PointNet’s overall
structure—including the dual T-Net design and
orthogonal regularizer—and replace only the global
max-pooling inside each T-Net with a lightweight MHSA
layer. This design, called AT-PointNet, delivers three
benefits: (1) The T-Net attends to all point interactions
when estimating the alignment transformation, rather than
collapsing to a single dominant feature; (2) No additional
parameters enter the main PointNet backbone;
(3) Attention maps provide interpretable insight into
which points drive each transformation prediction.

The Contributions of our research are:

–We propose AT-PointNet, which augments PointNet’s
dual T-Net with MHSA for context-aware spatial
alignment.

–We formally analyze how MHSA replaces global
max-pooling within T-Net and provide a complexity
comparison.

–Experiments on ModelNet10 demonstrate consistent
accuracy improvements over PointNet across all ten
categories.

–Ablation studies isolate each module’s contribution;
attention weight distributions are visualized.

2 Related Work

2.1 PointNet and Its Extensions

PointNet [1] introduced shared MLPs and global
max-pooling for point cloud processing, achieving 89.2%
accuracy on ModelNet40. Its T-Net predicts a k× k
transformation matrix constrained by an orthogonal
regularizer. PointNet++ [3] extended PointNet
hierarchically via ball-query grouping, enabling
fine-grained local structure learning and achieving 93.2%
on ModelNet10. DGCNN [5] proposed EdgeConv on

k-NN graphs dynamically recomputed in feature space,
reaching 93.3% on ModelNet10.

2.2 Attention Mechanisms for Point Clouds

PCT [11] replaces PointNet with a full transformer
encoder incorporating offset-attention, achieving 93.5%
on ModelNet10. Point Transformer [9] introduces vector
self-attention layers. Point Transformer V2 [12] further
improves with grouped vector attention and
partition-based pooling. Liu et al. [13] proposed
PointConT, exploiting content-based self-attention within
semantic clusters. Yao et al. [14] add offset-attention and
cascade-attention after the T-Net and MLP of
PointNet—a key distinction from our work, in which
attention is embedded inside the T-Net’s aggregation step
[15].

2.3 Spatial Transformer Networks

The Spatial Transformer Network (STN) [16] introduced
learnable geometric transformations for 2D images.
PointNet’s T-Net adapts this idea to unordered 3D point
sets. LDGCNN [17] removes the T-Net and links
hierarchical features; its ModelNet10 accuracy of 92.1%
confirms that enhancing the T-Net—as we do—is
preferable to removing it.

3 Proposed Method: AT-PointNet

3.1 Architecture Overview

AT-PointNet retains the full PointNet architecture and
introduces a single targeted modification: inside each
T-Net module, global max-pooling is replaced by an
MHSA layer followed by global average pooling. Fig. 1
provides a schematic comparison.

3.2 Limitation of Vanilla T-Net Aggregation

Let P ∈ RN×k denote the N-point feature tensor entering a
T-Net (k = 3 for input T-Net; k = 128 for feature T-Net).
The vanilla T-Net pipeline is:

1.Shared MLPs (Conv1D + BN + ReLU) →
H ∈ RN×512.

2.GlobalMaxPool: g = maxN
i=1 hi ∈ R512.

3.Dense + BN + ReLU (512 → 256 → 128) →
transformation T ∈ Rk×k.

Global max-pooling propagates gradients only through the
point achieving the maximum value in each dimension—
at most 512 out of 2048 points (24.9%) receive non-zero
gradient per forward pass.
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Fig. 1: Proposed AT-PointNet with Multi-Head Self-Attention (MHSA) inside T-Net.

3.3 Attention-Augmented T-Net

We replace Step 2 with: (1) MHSA applied along the
point dimension N, and (2) global average pooling over
the attended representations. With H ∈ RN×dh (dh = 512):

H′ = MHSA(H; WQ,WK ,WV ,WO) ∈ RN×dh , (1)

g′ =
1
N

N

∑
i=1

h′
i ∈ Rdh . (2)

The MHSA follows [7]:

MHA(X) = Concat(head1, . . . ,headh)W O, (3)

Attn(Q,K,V) = softmax
(

QK⊤
√

dk

)
V.

We use h = 4 heads with dk = dh/h = 128. The orthogonal
regularizer is retained:

Lreg = λ∥TT⊤− I∥2
F , λ = 10−4. (4)

3.4 Full AT-PointNet Pipeline

Input T-Net (AT): P ∈ RN×3 →Conv1D(32,64,512)→
MHSA(4 heads)→AvgPool→Dense(256,128)→Tin ∈
R3×3; then P′ = P ·Tin.
MLP Block 1: P′→Conv1D(64)→Conv1D(64)→F1 ∈
RN×64.
Feature T-Net (AT):
F1 → Conv1D(32,64,512) → MHSA(4 heads) →
AvgPool→Dense(256,128)→Tfeat ∈ R128×128.
MLP Block 2: F′

1→Conv1D(128,128,256,512,1024)→
F2 ∈ RN×1024.
Global Max-Pooling: g = maxi F2[i] ∈ R1024.
Classifier:
Dense(512) →Drop(0.4) →Dense(256) →Drop(0.4) →
Dense(128)→Drop(0.4)→Dense(C, softmax).

3.5 Training Objective

L = LCE +λ

(
L in

reg +L feat
reg

)
. (5)

3.6 Computational Complexity

MHSA in each T-Net costs O(N2dh). For N = 2048,
dh = 512: approximately 2.1× 109 FLOPs per T-Net per
sample. The overhead over the PointNet backbone is
≈ 34% at N = 2048 (Table 5).

4 Experiments

4.1 Dataset and Setup

Dataset. ModelNet10 [15] contains 10 categories
(bathtub, bed, chair, desk, dresser, monitor, night stand,
sofa, table, toilet) with 3,991 training and 908 test
meshes. Each mesh is sampled to N = 2048 points via
area-weighted uniform sampling using the trimesh
library, zero-centered per sample.
Augmentation. Gaussian jitter (ε ∼ U (−0.005,0.005))
and random point permutation are applied to training
samples.
Optimizer. Adam, LR 3×10−4, gradient clipping 1.0,
batch 32, up to 200 epochs. Early stopping (patience 10)
and ReduceLROnPlateau (factor 0.5, patience 5, min LR
10−6) are applied. Seed fixed to 42. GPU: NVIDIA Tesla
P100 (16 GB HBM2).

4.2 Comparison with State of the Art

Table 1 reports overall accuracy on ModelNet10 for AT-
PointNet and competing methods.
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Table 1: Comparison with state-of-the-art methods on
ModelNet10. OA: Overall Accuracy (%).

Method Year Params (M) OA (%)

3D ShapeNets [15] 2015 38.9 83.5
PointNet [1] 2017 3.5 90.3
LDGCNN [17] 2019 1.8 92.1
PointNet++ (SSG) [3] 2017 1.7 92.3
DGCNN [5] 2019 1.8 93.3
PCT [11] 2021 2.9 93.5

AT-PointNet (Ours) 2025 6.1 92.4

All results on clean ModelNet10 test set. Params: approximate
model parameter count.

AT-PointNet achieves 92.4% overall accuracy,
outperforming the vanilla PointNet baseline by +2.1
percentage points.

4.3 Ablation Study

Table 2 summarises the ablation experiments.

Table 2: Ablation study on ModelNet10. OA: Overall
Accuracy (%).

Configuration Input T-Net Feat T-Net OA (%)

PointNet (Vanilla) MaxPool MaxPool 90.3
SE Channel Attn SE MaxPool 91.1
Single-Head SA SA-1 MaxPool 91.5
AT-PointNet (Input only) MHSA MaxPool 91.7
AT-PointNet (Feature only) MaxPool MHSA 91.0
AT-PointNet (Full, h = 4) MHSA MHSA 92.4
No Ortho Reg (λ = 0) MHSA MHSA 91.8

Key findings: (1) The input T-Net MHSA contributes
+1.4% alone vs. the feature-space T-Net (+0.7%).
(2) MHSA outperforms SE channel attention (+1.3%)
and single-head SA (+0.9%). (3) Removing the
orthogonal regularizer (λ = 0) reduces accuracy by 0.6%.

Table 3 shows the effect of head count; h = 4 gives the
best result.

Table 3: Effect of number of attention heads on
ModelNet10.

Heads (h) OA (%)

1 91.5
2 91.9
4 92.4
8 92.1

4.4 Per-Class Analysis

Table 4 report per-class results. The most challenging
categories are dresser (81.8%), night stand (83.0%), desk
(83.9%), and table (86.0%), which share planar horizontal
surfaces.

Table 4: Per-class precision, recall, and F1 scores on
ModelNet10 test set. ∆F1: improvement over vanilla
PointNet.

Class Prec.(%) Rec.(%) F1(%) ∆∆∆FFF111

bathtub 91.4 89.7 90.5 +2.3
bed 96.3 97.1 96.7 +1.9
chair 97.2 96.5 96.8 +1.3
desk 84.6 83.2 83.9 +2.8
dresser 82.1 81.5 81.8 +3.1
monitor 95.8 96.3 96.1 +2.7
night stand 83.4 82.7 83.0 +2.8
sofa 94.6 95.2 94.9 +2.3
table 86.7 85.4 86.0 +2.8
toilet 97.6 97.4 97.5 +1.0

Macro avg. 90.9 90.5 90.7 +++222...111

4.5 Confusion Matrix Analysis

Fig. 2 shows normalized confusion matrices for both
models. AT-PointNet reduces the desk→table confusion
by 33% (from 6 to 4 samples) and the night stand→desk
confusion by 40% (from 5 to 3 samples).

4.6 Runtime Comparison

Table 5 compares training and inference times. The MHSA
modules add approximately 34% runtime overhead at N =
2048.

Table 5: Runtime comparison on NVIDIA Tesla P100
GPU.

Model Train (s/epoch) Infer (ms/sample)

PointNet (Vanilla) 18.4 3.1
AT-PointNet (Full) 24.7 4.2
Overhead +34% +35%

4.7 Robustness to Noise

Table 6 evaluates both models under test-time Gaussian
noise. AT-PointNet consistently maintains a 2.1–2.5 point
accuracy advantage across all noise levels.
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Fig. 2: Confusion matrices on ModelNet10 test set. (a) Vanilla PointNet (OA=90.3%). (b) AT-PointNet (OA=92.4%).

Table 6: Robustness to test-time Gaussian noise on
ModelNet10. OA (%).

Model σ = 0.01 σ = 0.02 σ = 0.04

PointNet (Vanilla) 89.1 86.9 82.7
AT-PointNet (Full) 91.2 88.8 85.2
∆ (AT−PN) +2.1 +1.9 +2.5

5 Attention Visualization

To understand what the attention-augmented T-Net learns,
we extract attention weights from the input T-Net’s MHSA
layer and project the mean per-point attention score back
to 3D coordinates:

ai =
1
h

h

∑
j=1

1
N

N

∑
k=1

A( j)
ki , (6)

where A( j) ∈RN×N is the attention matrix from head j. For
a chair sample, highest attention concentrates on the seat-
back boundary and leg intersection regions. For a dresser,
the highest attention falls on the drawer-edge boundaries,
explaining the model’s improved recall on this category.

6 Discussion

AT-PointNet (92.4%) is 0.9% below DGCNN (93.3%)
and 1.1% below PCT (93.5%) on ModelNet10. Both
DGCNN and PCT require substantially more complex
architectural changes. AT-PointNet’s competitive
accuracy confirms that targeted augmentation of a
bottleneck component can deliver meaningful gains with
minimal complexity overhead [18] .

Limitations. (1) Quadratic attention complexity O(N2)
inside T-Net limits scalability for N > 4096.
(2) Validation on ModelNet40 and ScanObjectNN [19] is
important future work. (3) Combining attention T-Nets
with PointNet++’s hierarchical grouping may yield
further gains.
Future Work. (1) Linear-complexity attention for
scalability; (2) pre-training via masked autoencoding [20,
21,22,23,24]; (3) extension to part segmentation and
semantic scene understanding; (4) application to medical
point clouds (spinal vertebrae, cortical surfaces [25,26,
27,28,29].

7 Conclusion

We presented AT-PointNet, a hybrid architecture that
augments PointNet’s dual T-Net with Multi-Head
Self-Attention, enabling context-aware spatial alignment
matrix prediction. AT-PointNet achieves 92.4% overall
accuracy on ModelNet10, a +2.1% improvement over the
PointNet baseline, with the largest gains on geometrically
ambiguous classes (dresser, desk, night stand). The
results suggest that careful, targeted architectural
improvements to specific bottleneck operations—rather
than wholesale architecture replacement—constitute a
practically valuable research direction in 3D point cloud
learning.
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