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Abstract

Point cloud processing has become a cornerstone technology
in many 3D vision tasks. However, arbitrary rotations intro-
duce variations in point cloud orientations, posing a long-
standing challenge for effective representation learning. The
core of this issue is the disruption of the point cloud’s in-
trinsic directional characteristics caused by rotational pertur-
bations. Recent methods attempt to implicitly model rota-
tional equivariance and invariance, preserving directional in-
formation and propagating it into deep semantic spaces. Yet,
they often fall short of fully exploiting the multiscale direc-
tional nature of point clouds to enhance feature representa-
tions. To address this, we propose the Direction-Perceptive
Vector Network (DiPVNet). At its core is an atomic dot-
product operator that simultaneously encodes directional se-
lectivity and rotation invariance—endowing the network with
both rotational symmetry modeling and adaptive directional
perception. At the local level, we introduce a Learnable Lo-
cal Dot-Product (L2DP) Operator, which enables interactions
between a center point and its neighbors to adaptively cap-
ture the non-uniform local structures of point clouds. At the
global level, we leverage generalized harmonic analysis to
prove that the dot-product between point clouds and spherical
sampling vectors is equivalent to a direction-aware spherical
Fourier transform (DASFT). This leads to the construction of
a global directional response spectrum for modeling holistic
directional structures. We rigorously prove the rotation invari-
ance of both operators. Extensive experiments on challenging
scenarios involving noise and large-angle rotations demon-
strate that DiPVNet achieves state-of-the-art performance on
point cloud classification and segmentation tasks.

Extended version — https://arxiv.org/abs/2511.08240
Code — https://github.com/wxszreal)/DiPVNet

1 Introduction

The widespread adoption of 3D sensing technologies has
made point cloud processing a critical component in nu-
merous 3D vision applications (Guo et al. 2020; Feng et al.
2023; Jia et al. 2025; Feng et al. 2024), including au-
tonomous driving scene understanding and embodied Al in-
teraction. However, conventional point cloud representation
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Figure 1: We extract direction-sensitive local features via the
L2DP operator; concurrently, a global directional response
spectrum is constructed through the DASFT module, cap-
turing the directional characteristics of the overall structure.

learning methods face a fundamental challenge in real-world
deployments (Dym and Maron 2020): arbitrary rotations in
3D space can alter the spatial distribution of point clouds. As
a result, traditional networks (Qi et al. 2017a,b; Xiang et al.
2021) may map different orientations of the same object
to inconsistent feature representations, ultimately degrading
the performance of downstream tasks under rotational dis-
turbances.

At the root of this issue lies the directional nature of point
cloud features across multiple scales. On the local scale, dis-
criminative cues are embedded in features such as edge ori-
entation and surface normals; on the global scale, high-level
geometric priors arise from principal axis directions, inter-
part angles, and overall structural symmetries. These intrin-
sic directional characteristics are disrupted under arbitrary
rotations, implying that robust point cloud representations
must explicitly model and leverage such multiscale direc-
tional information to achieve rotation resilience.

To tackle this challenge, earlier methods focused on ex-
plicit modeling by independently extracting features along
predefined directions—such as dividing local neighbor-
hoods into directional sectors (Jiang et al. 2018) or intro-
ducing orientation density functions (ODF) (Sahin, Mer-
tan, and Unal 2022)—thus encoding directional informa-
tion in a manually structured manner. While this mitigated



orientation-related inconsistencies to some extent, more re-
cent implicit modeling paradigms incorporate the rotational
symmetry of 3D space directly into the network design.
These methods produce outputs that are either equivariant
(rotate synchronously with the input)(Thomas et al. 2018;
Schiitt, Unke, and Gastegger 2021; Poulenard and Guibas
2021) or invariant (remain unchanged) (Zhang et al. 2019;
Chou et al. 2021; Gu et al. 2021) under input rotations,
thereby allowing directional information to be implicitly
propagated to deeper semantic layers.

Although both paradigms have demonstrated promising
results under rotational perturbations, they remain unsat-
isfactory in critical ways. Explicit approaches often rely
on fixed directional partitions or handcrafted statistical
schemes, lacking the adaptability to learn from non-uniform
local point distributions, which limits the robustness and
discriminability of their directional representations. Implicit
approaches, while successfully preserving directional infor-
mation through rotation-equivariant or invariant formula-
tions, often fail to exploit this information efficiently at the
feature representation level. For instance, in VNN (Deng
et al. 2021), the non-linear layers are guided by a single
learned global direction vector, which is used to gate vec-
tor neurons through inner products. This reliance on a single
global direction fails to capture the complex hierarchical di-
rectional structure inherent in real-world point clouds.

To enable networks to preserve rotational symmetry while
adaptively perceiving multiscale directional features, we
propose DiPVNet, a framework constructed upon atomic
dot-product operators. Our key insight lies in revealing the
intrinsic property of the dot-product operation: it acts as a
directional filter that simultaneously exhibits directional se-
lectivity and rotation invariance. Based on this, DiPVNet
avoids the need to explicitly model predefined directional
features. Instead, as visualized in Figure 1, the directional
selectivity of dot-product operators enables adaptive percep-
tion of local directions, while the hierarchical aggregation of
global directional responses builds discriminative multiscale
representations. The rotation invariance of the operator en-
sures robustness to arbitrary rotational transformations.

Specifically, our contributions are as follows:

* We identify and exploit the dual property of the dot-
product operation—directional selectivity and rotation
invariance—to design atomic dot-product operators that
empower the network to perceive directional structures
adaptively while maintaining rotational symmetry.

* We propose a Learnable Local Dot-Product (L2DP) oper-
ator, which performs differentiable dot-products between
a center point and its neighbors, enabling adaptive learn-
ing of local directional features and improving the net-
work’s ability to handle non-uniform local structures.

e We propose the Direction-Aware Spherical Fourier
Transform (DASFT). It uses dot-products to project point
clouds onto spherical vectors, yielding a global direc-
tional response spectrum. This captures global direc-
tional features while reducing geometry misinterpreta-
tion risks from over-reliance on local features.

Extensive experiments under various challenging sce-
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narios—including noise, large-angle rotations, and oc-
clusions—demonstrate that DiPVNet outperforms existing
rotation-robust methods across multiple benchmarks. Our
method accurately identifies both discriminative global di-
rectional structures and critical local regions, significantly
improving the robustness and accuracy of point cloud clas-
sification, segmentation, and other downstream 3D tasks.

2 Related Work

To address the challenge of rotational perturbations in 3D
point cloud analysis, existing research has explored vari-
ous strategies to enhance rotational robustness. These ap-
proaches can be broadly categorized into two main direc-
tions: explicit directional encoding and implicit modeling of
rotational symmetry.

2.1 Explicit Directional Encoding

Explicit directional encoding focuses on designing specific
mechanisms to directly capture directional information in
point clouds. For example, common strategies (Xia et al.
2021; Wang et al. 2023) such as spatial orientation parti-
tioning divide local space into fixed directional quadrants
to extract orientation-aware features. ODFNet (Sahin, Mer-
tan, and Unal 2022) models directionality by partitioning
the spherical neighborhood into predefined directional cones
and statistically analyzing the point distributions. Although
these methods alleviate representation inconsistency caused
by orientation variations through explicit directional mod-
eling, their fixed spatial partitioning schemes are limited in
adapting to the non-uniform distribution of point clouds.

2.2 Implicit Modeling of Rotational Symmetry

Implicit modeling of rotational symmetry aims to construct
network architectures that are either equivariant or invariant
to 3D rotations, so that the output features co-transform with
(equivariance) or remain unaffected by (invariance) input ro-
tations, thereby preserving directional information in deeper
semantic spaces.

Invariant Representation Learning Earlier works relied
on handcrafted descriptors (Chen and Cong 2022; Gu et al.
2021, 2022; Li et al. 2021b; Zhang, Yang, and Xiang 2024)
or applied PCA-based (Li et al. 2021a; Yu et al. 2020; Xiao
et al. 2019) alignment to eliminate orientation discrepan-
cies. Modern approaches (Zhang et al. 2020a; Kim, Park,
and Han 2020; Zhang, Yang, and Xiang 2024) often learn
Local Reference Frames (LRFs) and model features within
the predicted local coordinate systems to achieve invariance.
However, their reliance on local features may lead to misin-
terpretations of the global geometric structure. Notably, the
dot-product operator, due to its inherent rotational invari-
ance, has been widely adopted to construct stable invariant
information flows. For instance, SGMNet (Xu et al. 2021)
uses dot-product operations to build local rotation-invariant
features. However, its sorting mechanism disrupts the origi-
nal spatial orientation relationships between point pairs, and
it lacks a feature aggregation strategy to further enhance di-
rectional awareness.
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Figure 2: DiPVNet single-layer architecture. Point cloud features P are transformed into graph features G via KNN graph con-
struction. In the DiPVNet layer, the VNN Block models rotation equivariance, while concurrently the L2DP operator processes
graph features through @, and extracts local directional features via aggregation mapping ¢(-, G(v)), and the DASFT module
constructs a global directional response spectrum through the dot-product operator $ between point clouds and spherical
sampling vectors. Local and global features are fused via cross-attention mechanism, with the output discriminative directional

features utilized for downstream tasks.

Equivariant Representation Learning Tensor Field Net-
works (TFN)(Thomas et al. 2018) leverage spherical har-
monics to construct group-equivariant convolutional ker-
nels, theoretically enabling the handling of arbitrary rota-
tions. Nonetheless, the high-dimensional harmonic expan-
sions introduce considerable computational overhead. In-
spired by TFNs, Vector Neuron Networks (VNNs)(Deng
et al. 2021) extend neural outputs from scalars to 3D vec-
tors and employ vectorized operations to impose equivariant
constraints implicitly at the network level. Subsequent de-
velopments (Satorras, Hoogeboom, and Welling 2021; Lin,
Zhu, and Ghaffari 2023; Melnyk et al. 2024) have further
strengthened the stable propagation of directional informa-
tion into deeper semantic layers. However, these methods
(Luo et al. 2022; Su et al. 2022; Jing et al. 2020) still struggle
to efficiently exploit directional cues at the feature represen-
tation level. For example, VNN selects a single global direc-
tion vector to filter vector neurons, which fails to capture the
intrinsic, fine-grained directional diversity inherent in point
clouds. Other VNN-based works, such as VN-Transformer
(Assaad et al. 2022), primarily utilize the dot-product to con-
struct similarity matrices rather than to explicitly model di-
rectional information.

Recent studies have focused on joint modeling of rota-
tional equivariance and invariance, typically through dual-
branch architectures (Chen et al. 2024) or feature decou-
pling mechanisms (Zhang et al. 2023). These designs pre-
serve directional information via the equivariant branch and
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extract rotation-robust features through the invariant branch,
achieving stable representations under arbitrary rotations.
However, current methods still face certain limitations: di-
rectional information is often indirectly recovered based on
predefined geometric constraints, while the global distri-
bution of orientations remains under-explored and under-
modeled.

3 Method

In this section, we first present the Atomic Dot-Product Op-
erator. Building on this, we propose DiPVNet for direction-
aware point cloud representation. Further, we introduce two
key components that leverage the operator to enhance multi-
scale directional perception: the L2DP operator and the
DASFT module.

3.1 Atomic Dot-Product Operator

We encapsulate the dot-product operation into a differen-
tiable atomic operator:

® (a,{b;}; ©) = FFN ({(a-b;)}i2;;0) , (1)
where {b;}X | denotes a set of associated vectors, and
© represents the learnable parameters of the FFN (Feed-
Forward Network). This operator inherently combines di-
rectional awareness with rotational robustness, serving as
the fundamental computational unit and core component for
constructing DiPVNet.



3.2 DiPVNet

Building upon the atomic dot-product operator, we propose
DiPVNet—a point cloud representation learning frame-
work centered around dot-product operators. Figure 2 il-
lustrates the DiPVNet architecture and its module designs.
This framework hierarchically models cross-scale direc-
tional characteristics of point clouds while preserving rota-
tional symmetry.

First, we propose the L2DP operator, which extends the
atomic dot-product operator for local feature extraction:

o1 (v.{g®}©) = FEN, ((v-{g"}):01) |

where {g(®)} € G(v) denotes the set of k-nearest neighbors
of the central point v.

Finally, adaptive integration of directional information
within the neighborhood is achieved through an invari-
ant feature aggregation mapping ¢(-, G(v)), designed with
two implementations: Direct Linear Projection (DLP) and
Statistic-Aware Projection (SAP), each tailored for distinct
application scenarios:

froe(v) = ¢ o (v.{gMh0L) 0] . B

This operator can adaptively perceive and learn local di-
rectional features, significantly enhancing the model’s rep-
resentation capability for non-uniform local structures.

Second, to model the global directional characteristics of
point clouds, we compute the dot-product between the raw
point cloud 7 and a set of sampled vectors {€2;},*%" on the
sphere S2. This operation is equivalent to the Fourier trans-
form of the point cloud in the spherical frequency domain
F(P,{}). We thus define the Global Dot-Product Opera-
tor:

@

c (P, {};0)
where

=FFNg (E(P,{u});:©c), )
E(P,{u}) = |F(P. {})]” )
denotes the response power spectrum of point cloud P along
the sampled directions {2}/ 4"
The rotation-invariant global descriptor is then obtained
through spherical averaging:
Nair

foaser(P) = O (P,;0¢) ,

Nair ©

where Ng;, is the number of spherical sampling directions.

This entire pipeline constitutes the DASFT module. By
learning multiscale directional response spectra, it effec-
tively models global directional characteristics of point
clouds, mitigating potential misjudgments of overall geo-
metric structures that may arise from relying solely on local
features.

Finally, a cross-attention mechanism fuses the invariant
features: L2DP serves as the query, while DASFT provides
the key/value to adaptively guide local features. Concur-
rently, the equivariant features from the baseline VNN Block
are projected onto a learned canonical basis to produce
rotation-robust scalar tokens, which are then concatenated
with the fused invariant features for downstream tasks.
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Figure 3: In the partial process of the L2DP operator act-
ing on the j-th center point v;, the center point feature is
replicated k times and subtracted from neighboring features
in the k-nearest neighbor neighborhood G;; a dot-product
operation is performed to obtain directional information rel-
ative to the center point and its positional encoding; and the
result is fed into FFN.

3.3 Learnable Local Dot-Product (L2DP)

Rotation-Invariant Local Representation Building
upon the proven rotational invariance of the dot-product
(proof in Appendix), we define the rotation-invariant local
geometric representation for each point v; as:

I = {(v, ve) | vx € NG}, )

where AV denotes the neighborhood set of point v; compris-
ing its K nearest neighbors. If two point clouds, P and P’,
are equivalent under the SO(3) group (i.e., 3R € SO(3)
such that P’ = R - P), then their set of local invariants sat-

isfies:

1) = [N

vj. ®)

This means that the local 1nvar1ant set I; fully character-
izes the equivalence class of the point cloud under the action
of the rotation group. However, the original definition /; W)
only describes the degree of directional correlation between
the center point v; and its neighbor point vy, but loses the
characteristics of the center point itself. In order to enhance
the geometric perception, the relative position coding is fur-
ther introduced:

IV = (v, vp — ;) | v € N} ©)

The “rel” tag indicates the introduction of relative position
encoding.

In practice, for each point v; in the point cloud P = {v; €
RCX3}N 1, We can obtain its K nearest neighbor features to

form the local group G; = {g(k) € RO3}E | The aggre-

gated local neighborhood is then given by G = {Qj ~, (Yu,
Zhang, and Shen 2024). Therefore, we can obtain the local
dot-product invariant

I;-g):{@j,gm|k:17~-"K}' (10)
In the L2DP module, we are actually dealing with:
197 = {{oj, gy — o) [k =1,....K}. (D)



This means that the point product result, computed
channel-wise over the 3D spatial dimensions, is (v;, gjx) —
(vj,v;), where (v, g;i) contains local geometric informa-
tion, and 0970 can be interpreted as injecting position
coding (Qiu et al. 2022), which rectifies the inherent disor-
der of the point cloud and improves the generalization ability
of subsequent attention calculations. The process of obtain-
ing local invariants is shown in Figure 3. We implement the
feature extraction process through the dot-product operator:

‘I)L (I;G,rel); @L> = FFNL <<Vj7 gj(k) — Vj> ; ®L> ,
12)
thereby adaptively enhancing neighborhood directional
awareness while preserving rotation invariance, ultimately
strengthening the model’s local modeling capability for non-
uniform structures.

Invariant Feature Aggregation To integrate local invari-
ants into point-level features while preserving rotation in-
variance, we propose two learnable aggregation mappings
@(-,G(v)) with complementary characteristics.

The Direct Linear Projection (DLP) implements
épLp(,G(v)) : R*EK — R which directly maps all K
dot-product outputs to a high-dimensional semantic space:

foLp(v) = Layernorm (d)DLp <<I>L (I(G’rem; @L)>> .
(13)

This approach preserves full neighbor interaction infor-
mation but incurs linearly growing computational complex-
ity with K, making it optimal for small-scale neighbor-
hoods.

Conversely, the Statistic-Aware Projection (SAP) em-
ploys feature compression through statistical pooling, which
computes the maximum, variance, and average of the rela-
tive features, denoted as [5"**, I7*", and I;Vg, respectively.

This is followed by ¢sap (-, G(v)) : RE¥3 — R¢:

fsap(v) = Dropout (rj)sAp ([I;“ax||f}’ar||ffvg])) )

SAP sacrifices geometric details for enhanced computa-
tional efficiency and noise robustness, better suited for large-
scale neighborhoods requiring long-range modeling.

(14)

Operator Formalization Finally, we encapsulate the
aforementioned process into the L2DP operator.

fravp(v) = 6@ (v, {8} 1) ,0(v)] |

This operator adaptively perceives and learns local di-
rectional characteristics while aggregating features into
rotation-invariant point-level representations. The frame-
work significantly enhances the model’s capacity for rep-
resenting non-uniform local structures through its direction-
aware learning mechanism.

15)

3.4 Direction-Aware Spherical Fourier
Transform (DASFT)

To model the global directional characteristics of point
clouds, we can regard the point cloud P = {v; € R? ;-\[:1 as
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Qi = {rrew;} F(P,{u)) E®,{Q})

Nair
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Figure 4: The point cloud P is projected via dot-products
with spherical sampling unit vectors ) of varying fre-
quency amplitudes, yielding the spherical frequency-domain
response F'(P,{Q}) of global features, subsequently con-
structing the directional response spectrum E(P,{Q})
which characterizes the dominant directions of the point
cloud’s macroscopic structure.

a discrete signal distributed in 3D space. Formally, this can
be represented as:

+oo v=0

Pv) = Zé(v—%‘% 6(v) = {0 otherwise ’ (16)
j=1

where §(-) is the Dirac delta function. This means the point
cloud P can be seen as a superposition of pulsed signals
located at {v; € R}

Under the framework of generalized functions (Kondor
2007), the Fourier transform of P (v) is:

F(P,{92}) = /77(11) exp(—iQ T v)dv = Zexp(fiQij) ,
j=1
a7)
where ) = rw is a frequency space vector (r: frequency
modulus length, w € S2: unit direction vector). The dot-
product between P and €2 corresponds to the phase term:

F(P,{Q}) = Zexp(—iervj) ) (18)

This indicates each point v; contributes a phase factor
e~irw v o frequency r - w, and the spherical spectrum
F(r - w) contains complete global information (Xu et al.
2022; Son et al. 2024). Further, we define the energy spec-
trum as the modulus square of the Fourier coefficient

E(P.{Q}) = |F(P.{Q})]* . (19)

This equation characterizes the structural energy distri-
bution of the point cloud across different frequency scales
r and directions w. Figure 4 visualizes the directional re-
sponse results, reflecting the multiscale global directional
characteristics of the point cloud.

Based on this analysis, we construct the Global Dot-
Product Operator:

Oq (P, {02};O¢) = FFNg (E(P,{Q});©¢q) , (20)



where 2 = r - w. This operator adaptively fuses energy
channels from different directions through learnable chan-
nel mapping.

To construct a rotation-invariant descriptor, we uniformly
sample Ny; directions {wl}lN:‘“{ on the unit sphere S? and
perform energy integration:

/32 E(r- w)dw

Since G(r) only depends on the modulus 7, it is rotation-
invariant. While its computation (Eq. 21) is a discrete ap-
proximation, we empirically verified its robustness to the
sampling density Ng;; (= 36) in the Appendix.

Finally, the DASFT module can be formally expressed as:

Nair
Z E(r-wp).
=1

1

T ar

~
~

G(r)

2D
dir

Nair

= O (P,w;;O¢) .
Ndir; ¢ (Pwi;; ©¢)

Joasrr(P) (22)

Through hierarchical learning of multiscale directional re-
sponse spectra, this module models the global directional
characteristics of point clouds, effectively mitigating poten-
tial misjudgments of overall geometric structures that may
occur when relying solely on local features (Zhang et al.
2020b).

4 Experiments
4.1 Datasets and Tasks

Shape Classification We tested the classification perfor-
mance of our model on the synthetic dataset ModelNet40
(Wu et al. 2015) and the real-world dataset ScanObjectNN
(Uy et al. 2019). ModelNet40 consists of 40 categories and
a total of 12311 CAD mesh models, of which 9843 are used
for training and 2468 are used for testing. ScanObjectNN
contains 15000 complete objects scanned from 2902 real-
world objects, and we use the OBJ_BG subset from them.

Part Segmentation For the segmentation task, we eval-
uated the segmentation performance of the network on the
ShapeNetPart dataset (Chang et al. 2015), which contains
16880 synthetic samples divided into 14006 training sam-
ples and 2874 training samples. Including 16 object cate-
gories, each category has 2 to 6 sections of annotations, to-
taling 50 subdivisions.

Task Setup We follow the general practice of using
universal training/testing rotation settings: z/z, z/SO(3),
SO(@3)/SO(3), Among them, z represents random rotation
around the z-axis, and SO(3) represents three-dimensional
random rotation at any angle. These rotations are generated
and applied to the input point clouds.

4.2 Experimental Setup

In terms of point cloud sampling, we use farthest point sam-
pling (FPS). In the classification task, we uniformly sam-
ple 1024 points, and in the segmentation task, we sample
2048 points. We implemented our model in PyTorch us-
ing the official implementation (Deng et al. 2021; Li et al.
2021a; Melnyk et al. 2024), while using VN-DGCNN as the
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Methods z/z  z/SO3) SO@B)/SO3)
Rotation-sensitive
PointNet 85.9 19.6 74.7
DGCNN 92.2 20.6 81.1
Rotation-robust
TFN 89.7 89.7 -
VN-DGCNN 89.5 89.5 90.2
Pose Selector 90.2 90.2 90.2
LGR-Net 90.9 90.9 91.1
OrientedMP 88.4 88.4 88.9
VN-Transformer - - 90.8
PaRot 90.9 91.0 90.8
TetraSphere 90.5 90.5 -
Ours 914 91.4 91.4

Table 1: The results of each method on ModelNet40 were
compared under different training/testing conditions. The
overall optimal results are shown in bold and the sub-optimal
items are underlined.

baseline network and employing the same data augmenta-
tion method: random translation within the range of [-0.2,
0.2] and random scaling within the range of [2/3, 3/2] dur-
ing the training process. In the classification task, we em-
ploy DLP aggregation for ModelNet40 and SAP aggrega-
tion for ScanObjectNN; in the segmentation task, we utilize
SAP aggregation. When calculating the DASFT, we linearly
sample the frequency within the range of [0,12] and select
Ng;» = 36 in the directional sampling. Consistent with the
baseline, we use SGD with an initial learning rate of 0.1 and
momentum equal to 0.9, as well as a cosine annealing strat-
egy for gradual reduction with a learning rate of 0.001 and
minimizing the cross-entropy loss with label smoothing. For
the selection of epochs, we trained 200 epochs on Model-
Net40 and 250 epochs on ShapeNet, with a batch size of 32.

4.3 Results

We categorize existing methods into rotation sensitive and
rotation robust classes.

Shape Classification Tables 1 and 2 present the compar-
ison results between our method and existing methods in
classification tasks. The results demonstrate that our method
maintains consistent performance across three training/test-
ing sessions. The results under the z/SO(3) setting best re-
flect the model’s generalization performance. For rotation-
sensitive methods (Li et al. 2018; Wang et al. 2019), al-
though their performance on z/z is decent, they fail to
generalize to unknown orientations under the z/SO(3) set-
ting, resulting in a sharp performance decline. Compared
with PCR-cored framework (Yu, Zhang, and Cai 2023),
Pose Selector (Li et al. 2021a) and other rotational equiv-
ariant architectures (Zhao et al. 2022; Fuchs et al. 2020),
our method achieves in-depth exploration of multi-scale
directional characteristics in point clouds by introducing
dot-product operators into each rotational equivariant layer,



Methods z/z  72/SO3) SO@B)/SO3)
Rotation-sensitive
PointCNN 86.1 14.6 63.7
DGCNN 82.8 17.7 71.8
Rotation-robust
PaRINet + PCA 83.3 83.3 83.3
PCR-cored framework - 86.6 86.3
VN-DGCNN 83.5 83.5 84.2
Pose Selector 84.3 84.3 84.3
LGR-Net 81.2 81.2 81.4
TetraSphere 87.3 87.3 87.1
Ours 87.5 87.5 874

Table 2: Under different training/testing conditions, the re-
sults of each method on ScanObjectNN are compared. The
overall optimal results are shown in bold and the sub-optimal
items are underlined.

while simultaneously modeling rotational symmetry.

Part Segmentation Table 3 shows the comparison results
between our method and existing methods in segmentation
tasks. We evaluated the model performance using the Mean
Intersection over Union (mloU) on each instance, and the
results showed that our model achieved the best performance
on the instance. Figure 5 illustrates the segmentation results
through visualizations.

Methods z/SO3) SO(3)/SO3)
Rotation-sensitive
PointNet 37.8 74.4
DGCNN 37.4 73.3
Rotation-robust

PCR-cored framework 80.3 80.4
VN-DGCNN 81.4 81.4
Pose Selector 81.7 81.7
LGR-Net 80.0 80.1
OrientedMP 80.1 80.9
TetraSphere 82.3 -
Ours 82.5 82.7

Table 3: The results of each method are compared on
ShapeNetPart dataset under different training/testing condi-
tions, and the evaluation index is the average intersection
union ratio of all instances. The overall optimal results are
shown in bold and the sub-optimal items are underlined.

4.4 Ablation Studies

As shown in the Table 4, Model A incorporates only the
DASFT module, and its performance shows no signifi-
cant improvement over the baseline, indicating that global
direction-aware features alone are insufficient to boost per-
formance. Models B and C compare SAP and DLP aggrega-
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Figure 5: Visualization of segmentation results.

Model _ ?PP pagpr [FeatureFusion ) o
DLP SAP Gate CA
Baseline 89.5
A v 89.5
B v 89.9
C v 90.6
D ve v v 90.9
E (Ours) v v v 914

Table 4: Ablation results assessing component impacts on
ModelNet40 under z/SO(3) conditions: L2DP aggregation
(DLP or SAP alternatives), DASFT inclusion, and fusion
method (CA or Gate).

tion strategies under the condition of removing the DASFT
module. On the ModelNet40 dataset, which contains rel-
atively low noise interference, SAP aggregation underper-
forms compared to DLP, confirming the advantage of DLP
in preserving local geometric consistency. However, the re-
sults of Model C also demonstrate that relying solely on
local features can lead to misinterpretation of global struc-
tures, resulting in lower performance compared to the opti-
mal model. Model D replaces Cross Attention with a gating
mechanism for feature fusion, and the results indicate that
static weight allocation fails to achieve the dynamic feature
calibration characteristic of attention mechanisms, leading
to suboptimal performance.

5 Conclusion

This paper proposes an efficient direction-aware point cloud
rotation-robust framework based on atomic dot-product op-
erators, revealing a new design paradigm that goes beyond
module-level combinations from a novel atomic dot-product
perspective. The network architecture inspired by this en-
hances direction-aware capability while modeling rotational
symmetry, paving the way for more robust point cloud anal-
ysis under arbitrary rotations. Future work will explore the
applicability of atomic dot-product operators in other main-
stream network architectures, thereby verifying their univer-
sal value for performance improvement.
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