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Abstract

Rotation invariance remains a core challenge in point cloud
analysis, where existing methods often struggle with struc-
tural ambiguities and insufficient global context. Most
rotation-invariant (RI) representations are derived from lo-
cal coordinate systems, which inherently suffer from point-
pair ambiguities and fail to capture discriminative features
in symmetric or repetitive structures, while discarding in-
formative global pose cues. To overcome these limita-
tions, we propose Ga4DPF, a novel framework that of-
fers a robust, global-aware RI representation by converting
rotation-equivariant geometric representations into invari-
ant ones, while concurrently integrating global pose aware-
ness. Specifically, Ga4DPF introduces a learnable steer-
able transform that equivariantly lifts point clouds into 4D
space, facilitating robust local feature construction and mit-
igating point-pair ambiguities. Concurrently, we model a
dynamic global pose reference using the Bingham distribu-
tion, which adaptively estimates a consistent global rota-
tion and enhances global feature discriminability. Exten-
sive experiments on multiple benchmark datasets demon-
strate that Ga4DPF achieves state-of-the-art performance
with high computational efficiency, offering a new paradigm
for rotation-invariant point cloud analysis. The source code
is available at: https://github.com/jiaxunguo/
ga4dpf.

1. Introduction

The rapid advancement of 3D sensing technologies (such
as LiDAR, stereo, and time-of-flight sensors) has led to
the widespread adoption of point clouds in a variety of
3D vision tasks, including shape classification, segmenta-
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Figure 1. Traditional local pose-aware descriptors (e.g., PPF [9])
exhibit limited expressiveness and are prone to ambiguity in sym-
metric structures. In contrast, our approach enhances local geo-
metric representation by lifting point-pair features into a higher-
dimensional 4D space, enabling more robust and distinctive fea-
ture encoding. By further incorporating a global anchor derived
from a dynamic global rotation R4, Ga4DPF achieves more dis-
criminative and rotation-consistent representations.

tion, and object recognition [1, 10, 16]. As a compact geo-
metric representation, point clouds are especially favoured
in safety-critical domains such as autonomous driving and
robotics [14, 33]. However, most existing deep learning
models implicitly assume that input point clouds are con-
sistently aligned to a canonical orientation [21, 31, 36]. In
real-world settings, objects are frequently observed under
arbitrary and unpredictable rotations, and even extensive
data augmentation with random rotations cannot guarantee
true robustness. This lack of inherent rotation invariance
significantly degrades model performance and limits their
deployment in unconstrained environments.

To address this issue, recent studies have focused on
constructing rotation-invariant representations that elimi-
nate the dependency on canonical alignment. These ap-
proaches often utilize auxiliary modules to transform co-
ordinate frames [3, 41] or encode pairwise geometric re-
lationships within enlarged local neighborhoods [19, 39].
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Although effective at achieving rotation invariance, these
methods typically incur increased computational overhead
and reduced performance on already aligned data. A fun-
damental challenge that persists is the issue of structural
ambiguity in Rl feature construction. First, rigid local
RI encoding schemes lack robustness. The different spa-
tial arrangements may yield nearly identical RI descriptors,
which motivates continued refinement of local representa-
tions [4, 44]. Second, the use of local reference frames
inherently discards global pose information, which is criti-
cal for disambiguating structures that are locally similar but
globally distinct. While advances in expressive equivariant
architectures [7, 27], existing RI frameworks remain limited
by unstable local features and global ambiguity.

Our method is an equivariance-to-invariance framework
that directly addresses the structural ambiguity of existing
RI methods. Drawing inspiration from the observation that
equivariant representations retain more structural informa-
tion than invariant ones [11, 18], we design a representa-
tion pipeline that lifts point clouds into a 4D space using
steerable 3D spherical neurons [26]. This lifting opera-
tion retains critical geometric structures while offering flex-
ibility across varying viewpoints. Crucially, the lifting is
fully learnable, enabling adaptive and elastic local feature
construction beyond rigid coordinate dependence, thus en-
hancing the stability of RI representations. To further re-
solve global ambiguity, we introduce a novel mechanism
that assigns each point a learnable global anchor, derived
from a statistically consistent global rotation modeled by
the Bingham distribution. As illustrated in Figure 1, this
anchor injects global context into local neighborhoods, en-
abling the model to disambiguate symmetric or locally simi-
lar but globally distinct structures. By integrating robust 4D
local representations with dynamic global pose awareness,
our framework produces ambiguity-free RI features while
remaining compatible with standard RI learning pipelines.
We validate the effectiveness of our method across multiple
benchmark datasets on both classification and part segmen-
tation tasks. Experimental results demonstrate that our ap-
proach significantly outperforms existing state-of-the-art RI
methods in both performance and generalization capability.

Our main contributions are summarized as follows:

* We identify and formalize the intrinsic ambiguities in ex-
isting RI representations, both at local and global levels,
revealing their limitations in learning robust and discrim-
inative features under arbitrary rotations.

* We propose a novel 4D statistical framework that lever-
ages steerable spherical neurons to construct rotation-
equivariant local features in a lifted space, offering a prin-
cipled solution for point-pair encoding in 4D and signifi-
cantly reducing the ambiguity of spatial arrangements.

* We introduce a learnable global pose reference based on
the Bingham distribution, jointly optimized with task-

specific objectives, to dynamically capture and utilize
global pose information.

2. Related Works
2.1. Rotation-Sensitive 3D Point Cloud Analysis

Early point cloud processing methods, such as Point-
Net [30] and its hierarchical extension PointNet++ [31],
operate directly on raw 3D coordinates but are inherently
sensitive to rotations due to their reliance on absolute spa-
tial positions. Subsequent models like PointCNN [20] and
DGCNN [36] introduced learnable operators and graph-
based neighborhood aggregation to capture local geome-
try. More recent approaches, such as CurveNet [38] and
methods grounded in conformal geometry [26], integrate
stronger geometric priors. However, they still process in
the original coordinate space, limiting their robustness to
arbitrary orientation changes.

A complementary line of research attempts to address ro-
tation sensitivity via canonical pose alignment. These meth-
ods predict a transformation that aligns each input to a con-
sistent canonical orientation, often using modules like Spa-
tial Transformer Networks (STNs) [15], self-consistent re-
gressors [46], or PCA-based normalization [19, 41]. While
effective to some extent, these methods typically assume
category-level consistency and rely on extensive rotation
augmentation during training, which limits their generaliz-
ability to unseen categories or partial observations.

Although these rotation-sensitive models perform well
under aligned conditions, their performance deteriorates
significantly under arbitrary rotations. This motivates the
development of rotation-aware approaches that are inher-
ently robust to orientation changes.

2.2. Rotation-Aware Methods

To overcome the challenges posed by arbitrary rotations in
3D point clouds, a range of rotation-aware approaches have
been proposed. These techniques eliminate the assumption
of pre-aligned input and can be broadly categorized into
rotation-invariant and rotation-equivariant methods.
Rotation-invariant methods aim to produce features that
remain unchanged under any 3D rotation. A dominant
paradigm in RI research is local patch modeling, which
constructs invariant features by encoding pairwise or patch-
level geometric relationships. One common approach de-
fines Local Reference Frames (LRFs) for each point and
computes descriptors based on relative geometry [19, 39].
Classical examples include Point Pair Features (PPF) [9]
and their variants, which encode distances and angles be-
tween point pairs in a rotation-independent manner. These
methods eliminate the need for alignment and provide finer
local geometric characterization. However, the construction
of rigid local frames is sensitive to noise and perturbations,
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often leading to structural ambiguity in symmetric or repet-
itive patterns and reduced robustness of RI representations.
Rotation-equivariant methods, on the other hand, pre-
serve rotation-dependent information by ensuring that fea-
tures transform consistently with the input under rotations.
Tensor field networks [12, 29] achieve strict equivariance
through spherical harmonics, while recent vector-based ap-
proaches [32, 34] offer more flexible and lightweight alter-
natives. These methods maintain local structural informa-
tion and exhibit strong expressive power. However, they
often lack explicit mechanisms for enforcing full rotation
invariance, which may limit their effectiveness in applica-
tions requiring orientation-independent predictions.
Despite the complementary strengths of RI and equivari-
ant methods, few works have successfully integrated both
perspectives. A more effective strategy, motivated by re-
cent theoretical insights [11, 18], is to first build a rotation-
equivariant representation that preserves geometric struc-
ture and then derive an invariant representation from it. Fol-
lowing this principle, we propose a unified framework that
bridges the gap between equivariant and RI learning, en-
abling the construction of ambiguity-free representations.

3. Preliminaries

This section introduces essential concepts of equivariance
and invariance, along with prior theoretical foundations.
These preliminaries provide insight into point cloud trans-
formations and the inherent limitations of local receptive
fields in point cloud convolutional architectures.

Let a point cloud be denoted as P = {p;,...,py} €
RY*3 and let R € SO(3) represent an arbitrary 3D rotation
matrix. The rotated point cloud is defined as Pr = PR.

3.1. Equivariance and Invariance

Let G be a group, and let {T; : P — P}cq be a family
of transformations acting on the point cloud. A mapping
f:P— P’ is said to be G-equivariant if, for every g € G,
there exists a transformation Vj : P’ — P’ such that:

Volf(p)] = f(Tylp]) forallge G,peP. (1)

G-invariance is the special case of equivariance in which
Vj is the identity map for all g € G, i.e.,

f(p) = f(Ty[p]) forallge G, peP. ()

To apply transformation T}, on a 3D point p € R?, the group
elements g € SO(3) are typically represented by 3 x 3 ro-
tation matrices R [5].

3.2. Receptive Fields in Point Cloud Convolutions

Local receptive fields are commonly used in point cloud
learning to capture geometric context. Let X =
{z1,...,xn} € R denote the input feature set associated

with point cloud P. For a reference point p,., its local neigh-
borhood is denoted by NV (p,.), and the stacked neighbor fea-
ture matrix is defined as X, = [z1,...,z5] | € RF*en,

Point cloud convolutions compute output features X f=
{2}, ...,z } € R at each point p,. by aggregating trans-
formed features from its local neighborhood:

f(p,) = /\ g(Wj - h(p; | 2(p;)), r), 3)
JeN(p,)

where h is a nonlinear function that maps the p, to feature
Zj, Q(pj) denote the local patch centered at point p;, g is a
one-layer MLP for aggregation [36], W denotes a learn-
able or dynamic kernel weight for the pair (p,.,p;), and
A represents a permutation-invariant aggregation operator
such as MAX, SUM, or AVG.

Since the function h also depend on the neighbourhood
of p;, the effective receptive field of p, becomes the union
of its neighbors’ patches:

T'p,) = |J Q. @)

JEN(p,.)

While local receptive fields capture rich geometric struc-
ture, they are inherently limited in distinguishing globally
identical configurations. For instance, consider two sym-
metric points P, Pyigne € £ located on opposite sides of an
airplane wing. There exists a rotation Reym € SO(3) such
that their local receptive fields are rotationally equivalent:

F(pright) = I'(Pier) Rsym- o)
As aresult, the network produces identical features for both

points, i.e., f(Pier) = f(Prign)- leading to global ambiguity
and the loss of critical global pose information.

4. The Proposed Method

In this section, we propose an ambiguity-free framework
for RI point cloud analysis that explicitly addresses both
local and global symmetry challenges. Our method con-
sists of two key components: (1) A lifting mechanism that
projects 3D point clouds into 4D via steerable spherical neu-
rons, enabling robust and expressive point-pair representa-
tions; and (2) A global-aware module based on a Bingham-
inspired formulation that complements local receptive fields
by resolving global symmetry ambiguity while preserving
rotation invariance. An overview of the full architectural
pipeline is illustrated in Figure 2.

4.1. 4D Robust Modeling for Local Representation

LRF Construction. LRFs are fundamental to RI feature
extraction. For each point p,, € P, we construct an LRF
L, = {9},0%,02} € R3*3 via Gram-Schmidt orthonor-

ry Yr
malization using two directional vectors e} and e2:
o x €2
1_ 1 a3_ 9rXe 2 _ a3 ol
al=cl, o 92 =9 x L. (6)

T llof x ezl
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Figure 2. The pipeline of the proposed method. Our framework consists of two key components: (1) Dynamic Perception for Global Pose,
which addresses the inherent ambiguity of symmetric local structures by estimating a globally consistent reference rotation R, through
Bingham distribution modeling, generating adaptive anchor points that provide additional global cues; (2) 4D Robust Modeling for Local
Representation, where constructs LRFs {£; }le and a learnable steerable transform (S7) lifts the point cloud into 4D space, enabling
fine-grained geometric encoding and enhancing the robustness of local representations against point-pair ambiguity. Finally, a Rotation-
Invariant Convolution module embeds and aggregates the resulting Ga4DPF features, producing discriminative representations suitable for

downstream tasks such as shape classification and part segmentation.

Following prior works [3, 44], we adopt a purely lo-
cal construction where e? is defined as the vector from the

barycenter of the k-nearest neighbours m, = % 2521 p; to

the reference point p,, i.e., e2 = m, — p,., and el = n,

is the surface normal. This construction ensures geometric
consistency and forms the input feature X in our method.

Steerable 3D Spherical Neurons. A steerable spherical
neuron [26] consists of a learnable spherical decision sur-
face S € R® [25, 28] and three rotated variants located
at the vertices of a regular tetrahedron. Let R denote
the geodesic rotation that moves the learned center cg to

”%” (1,1,1), and let {R7, }3_, denote the rotation isomor-

phisms in R® that rotate from (1,1,1) to each tetrahedral
vertex (with Ry, = Is). The resulting 4 x 5 filter bank is
defined as:

B(S) = [R5R,R0S) "], . (7)

which can be viewed as a mapping fi5(-;S) : R® — R4,
parameterized by five learnable weights. Given an embed-
ded input point P € R® and a 3D rotation representation
R € R5, the filter bank satisfies the equivariance condi-
tion [25]:

Vi B(S)P = B(S)RP, (8)

where the induced 4 x 4 action on the output is:

Ve =M'RoRR)M,
1 1 -1 -1
_ _ 9
Mo Lt -1t u ©
211 -1 -1 1
1 1 1 1

Thus, Vg € G C SO(4) represents the rotation group acting
in the output space defined by the tetrahedral basis. We
use this equivariant filter output as a 4D replacement for the
original 3D points.
4D Point Pair Features (4DPPF). We define the 4D
lifting operation as a steerable transform ST (-;S)
RN X3 — RN*4_ Following standard point cloud process-
ing pipelines [30, 36], the operation B(S) P is applied uni-
formly across points, yielding a rotation-equivariant output
P’ = ST(P;S) € RV*4,

To encode local geometric relationships in this 4D space,
we define the 4D point pair feature between a reference
point p;. and its neighbour p/; as:

4DPPF(p;ap;) = (||d||27 COS(al), COS(OQ)’ COS(O[g)),
ar = Z(A),d), ay=ZL(A,d), as=L(A)A)),
(10)
where d = p’; — p;., Z(-,-) denotes the angle between two
4D vectors, and A = ST (9; S) represents the orthonormal
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basis vectors lifted to 4D space.

While Equation 10 resembles the classic 3D PPF for-
mulation [9], it fundamentally enhances discriminability by
leveraging 4D geometry. Unlike 3D PPFs, which often
yield identical descriptors for symmetric point pairs [3, 8],
our 4DPPF naturally resolves these ambiguities due to its
richer representational capacity.

Theorem 1 (Disambiguation Guarantee of 4DPPF.). Letp,.
be the reference point with local axis ;. Consider a set
of neighbors p ;(0) obtained by rotating a fixed point p ;(0)
around O} by angle 0, the lifted 4D point pair feature satis-

fies:
4DPPF (p,.,p}) # 4DPPF(p,.p’(9)), 6#0, (11

where p’ = ST (p) and Vr(0) = M T RoR(0) R, M is the
induced 4D rotation.

Proof. For points p,,p; € R?, if p, lies on the axis of
rotation, then:

(R(0)p,, p,) = (p;, R(6) 'p,) = (p,. p;),  (12)

implying that ||d(6)]||2 and the 3D PPF remain unchanged
with 0, and (-, -) denotes the inner product of two vectors.
In contrast, for lifted 4D points p;., pj € R*, we have:

(Vr(0)D), p,.) = (B;, RoR(—0)R5p,),  (13)

where p = Mp’. Unlike the 3D case, p/. is generally not
an eigenvector of V(6), hence Ro R(—0)R)p, # P, for
6 # 0, and the inner product varies with 6, leading to:

d(6) 12 = \/195 13 + 19,13 = 209}, Va(6)7pp). (14)

Likewise, the basis vectors Al(0) = Vz()AL(0) and Al
satisfy RoR(—0)RLAL # Al so the angles cos(a),
cos(az), cos(ag) also vary with 6. Therefore,

4DPPF(p;,,p;) # 4DPPF(p;.,p;(9)) (15)
for § # 0, except on a degenerate set of measure zero. [

4.2. Dynamic Perception for Global Pose

Global-Aware Pose Feature. While local 4DPPF fea-
tures effectively capture fine-grained geometric relation-
ships, they are inherently constrained by the local receptive
fields. As a result, they may fail to distinguish symmetric
configurations due to a lack of global context, an issue we
refer to as global ambiguity. To overcome this limitation,
we propose the Global-aware 4D Pose Feature (Ga4DPF),
which augments local descriptors with a global reference.
Formally, Ga4DPF is defined as:

Ga4DPF(p,) = (4DPPF(p}, p}), 4DPPE(p,p)) € R®,
(16)

where the anchor point is defined as pl. = ST (p,R,; S),
with R, € SO(3) a consistent global rotation defined later.
Analysis of how Ga4DPF(p,.) achieves rotation invariance
can be found in the Supplementary.

By incorporating the anchor pf, the receptive field I'(p,.)
is no longer restricted to the local neighbourhood, but
aligned with a global reference. This breaks the local
equivariance described in Equation 5, i.e., I'(p,,pl) #
L' (p,., P} )Rsym, and injects global pose awareness into the
representation:

Ga4DPF(p,) # Ga4DPE(p, Ry ).- (17)

Dynamic Global Rotation. The anchor point p! is con-
structed through a global rotation R, which is applied con-
sistently across the dataset. However, using a fixed R, may
not improve discriminability, particularly when R, coin-
cides with a scene symmetry transformation Ry, as shown
in Equation 5, in which case Ga4DPF cannot effectively dis-
ambiguate symmetric local regions.

To overcome this, we propose a dynamic strategy that
models uncertainty in choosing R, by employing the Bing-
ham distribution B(q | V, A) over the unit quaternion hy-
persphere S, where ¢ denotes a global rotation encoded as
a unit quaternion. The Bingham distribution is defined as:

B(g| V,A) = exp(¢' VAV Tq), (18

1
F(A)
where F(A) is the normalization constant, V. € R**4 is
an orthogonal matrix that specifies the mode and dispersion
axes, and A = diag()\1, A2, A3, 0) controls the concentra-
tion with Ay < Ao < A3 < 0.

To couple global pose learning with downstream task
performance, we jointly optimize the Bingham parameters
and network using the following objective:

/v‘total = £task + d- \/(Ebingham -0.1- £task)2a (19)

where Lyingham is the negative log-likelihood of sampled
quaternions, and J is a balancing hyperparameter (empiri-
cally set to 0.8). The subtraction term encourages consis-
tency between global pose adaptivity and task performance.

To enable gradient-based learning, we adopt a sampling-
based approximation of the Bingham distribution. Given
learned V and A, we sample N, quaternions {q;}~°,
B(qg | V,A), and compute the global rotation R, =
Rot(g,), where the representative quaternion g, is estimated
via the geometric mean:

~

N
2
= argmax Y (q,q:)%, 20
g argqeasgci=1<q,Q> (20)

which corresponds to the dominant eigenvector of the ma-
trix Y, ¢ig; . In practice, we use N = 10.
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4.3. Network Architecture

To validate the robustness and effectiveness of the proposed
4DPPF and dynamic global rotation, we integrate them into
the PaRI-Conv framework [3] and evaluate them using two
widely adopted point cloud backbones for fair evaluation.
Shape Classification. For classification, we employ
DGCNN [36] as the backbone and replace all EdgeConv
layers with PaRI-Conv modules enhanced by Ga4DPF. At
each layer, we construct a k-nearest neighbor graph in fea-
ture space using Euclidean distance, with k& = 20.

Shape Part Segmentation. For part segmentation, we fol-
low the AdaptConv design [45]. Specifically, we stack five
Ga4DPF-augmented PaRI-Conv layers, interleaved with
three intermediate pooling layers to progressively expand
the receptive field. Across all layers, the k-nearest neighbor
graph is constructed in Euclidean space with k = 40.

5. Experiments

We evaluate the proposed method on three widely used
benchmarks: ModelNet40 [37] for shape classification,
ShapeNetPart [40] for part segmentation, and ScanOb-
jectNN [35] for real-world object classification. To system-
atically assess rotation robustness, we adopt three standard
evaluation protocols: z/z, z/SO(3), and SO(3)/SO(3), where
z and SO(3) denote upright and arbitrary 3D rotations, re-
spectively. In addition, we perform comprehensive ablation
studies to investigate the contribution of each key compo-
nent in our framework. Further experimental results and
analysis are provided in the Supplementary.

5.1. Implementation Details

We adopt stochastic gradient descent (SGD) for optimiza-
tion, with an initial learning rate of 0.1, decayed to 0.001
via cosine annealing [22]. All models are trained for 300
epochs. The batch size is set to 32 for classification and 16
for segmentation, with a dropout rate of 0.5 applied to fully
connected layers for regularization.

To ensure RI initialization, we define a point-wise de-
scriptor for each point p, based on its relative geometry
to the global centroid O [6], comprising three elements:

— ) — —
|Op; |2, sin(£(8}, Op,)), and cos(£(d}, Op;)). Here, 0}
denotes the local axis, typically the surface normal under
pc+n setting. For coordinate-only settings, we replace 9}
with lrmr> , the direction from the barycenter to the point.

5.2. 3D Shape Classification

Dataset. We first evaluate our approach on the widely
adopted ModelNet40 benchmark [37], which comprises
12,311 synthetic CAD models across 40 object categories,
with 9,843 samples for training and 2,468 for testing. Fol-
lowing the standard protocol of [31], we uniformly sample

Methods Inputs z/z z/SO(3) SO(3)/SO(3)
Rotation-sensitive
PointNet [30] pc 89.2 16.2 75.5
PointNet++ [31] pc+n 89.3 28.6 85.0
DGCNN [36] pc 92.2 20.6 81.1
Rotation-aware
RIConv [43] pc 86.5 86.4 86.4
ClusterNet [2] pc 87.1 87.1 87.1
RI-GCN [17] pc+n 91.0 91.0 91.0
OrientedMP [24] pc+n 88.4 88.4 88.4
ELGANet [13] pc 90.3 90.3 90.3
PaRot [42] pc 90.9 91.0 90.8
TetraSphere [27] pc 90.5 90.5 90.3
Ours pc 91.9 91.9 91.9
Ours pc+n 92.8 92.8 92.8
Table 1. Shape classification accuracy (%) on ModelNet40

dataset. *pc’ and 'n’ represent the 3D coordinates and normal vec-
tors of input data, respectively.

1,024 points from each shape. Random scaling and transla-
tion are applied to improve generalization during training.

Results. Table | summarizes the classification accu-
racy on ModelNet40 under three protocols: z/z, z/SO(3),
and SO(3)/SO(3), reflecting increasing rotational diffi-
culty. Rotation-sensitive methods (e.g., PointNet++ [31],
DGCNN [36]) perform well under z/z but degrade sharply
under unseen rotations (e.g., PointNet++ drops from 89.3%
to 28.6%). In contrast, RI-based methods such as RI-
Conv [43] and ClusterNet [2] maintain stable accuracy
(86%—87%) but are limited in capturing rich geometry
using coordinates alone. More recent methods like EL-
GANet [13], PaRot [42], and TetraSphere [27] further im-
prove performance (90.3%-90.5%) without requiring nor-
mals. Our method achieves 91.9% using only coordinates,
outperforming several normal-dependent methods such as
OrientedMP [24] (88.4%) and RI-GCN [17] (91.0%). With
normals, performance increases to 92.8%, surpassing PaRot
and RI-GCN by up to 1.8%. These results highlight the ef-
fectiveness of our 4D representation and global pose inte-
gration in learning expressive RI representations.

5.3. Real-World Shape Classification

Dataset. To evaluate performance under real-world con-
ditions, we conduct experiments on the ScanObjectNN
dataset [35], which contains over 15,000 point clouds
scanned from 2,902 real-world indoor objects. We adopt the
challenging OBJ_BG subset, consisting of 2,890 samples
from 15 categories, split into 2,312 for training and 578 for
testing. This subset introduces real-world challenges such
as noise, occlusion, and background clutter, which signifi-
cantly impact rotation stability. As normals are unavailable
in the processed data, only raw point coordinates are used.

Results. Table 2 presents classification accuracy under
z/SO(3) and SO(3)/SO(3) protocols. Our method achieves
the highest accuracy across both settings, outperforming the
previous best model, LocoTrans [4], by 2.4% and 2.8%,
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Methods z/SO(3)  SO(3)/SO(3)
Input pc only
PointNet [30] 16.7 54.7
PointNet++ [31] 15.0 47.4
DGCNN [36] 17.7 71.8
RIConv [43] 75.3 75.5
RI-GCN [17] 80.5 80.6
OrientedMP [24] 76.7 77.2
PaRI-Conv [3] 83.3 83.3
LocoTrans [4] 85.0 84.5
Ours 87.4 87.3

Table 2. Real-world classification accuracy (%) on ScanObjectNN
OBJ_BG dataset.

Figure 3. Visualization of part segmentation results on ShapeNet-
Part Dataset under z/SO(3) setting. The leftmost column is the
ground truth. The testing results under arbitrary rotations are on
the rest columns.

respectively. This demonstrates strong generalization and
robustness in real-world conditions. Compared to PaRI-
Conv [3], which relies on rigid, handcrafted local refer-
ence frames and suffers under noise and occlusion (83.3%),
our method dynamically lifts point—-normal pairs into a 4D
space and learns features using steerable spherical neurons.
This flexible and learnable design enhances both local sta-
bility and geometric expressiveness. Moreover, the minimal
performance gap (0.1%) between z/SO(3) and SO(3)/SO(3)
further confirms the rotation invariance of our model.

5.4. Shape Part Segmentation

Dataset. We further evaluate our method on the ShapeNet-
Part dataset [40], a large-scale benchmark for fine-grained
3D part segmentation. It contains 16,881 models across 16
object categories, each annotated with 2 to 6 semantic parts,
resulting in a total of 50 unique part labels. Following the
standard protocol of [31], we adopt the official train/test
split and uniformly sample 2,048 points per shape as input.

Results. As shown in Table 3, our method achieves the
highest mean Intersection-over-Union (mloU) across all
classes and all instances. Under the pc+n and z/SO(3) set-
ting, our model achieves a class mloU of 82.2%, surpass-
ing RISurConv [44] (81.5%), demonstrating superior seg-

2/SO(3) SO@3)/SO(3)

Method Input
C. mIoU 1. mIoU C. mIoU I. mIoU

PointNet [30] pc 37.8 - 74.4 -
PointNet++ [31] pc 48.2 - 76.7
DGCNN [36] pc 374 - 73.3
RI-GCN [17] pc+n 77.2 - 71.3 -
PaRI-Conv [3] pc+n - 84.6 - 84.6
CRIN [23] pc 80.5 - 80.5 -
PaRot [42] pc 79.2 - 79.5 -
LocoTrans [4] pc 80.1 84.0 80.0 83.8
TetraSphere [27] pc - 82.3 - 82.3
RISurConv [44] pc+n 81.5 - 81.5 -
Ours pe 81.3 84.0 81.2 83.9
Ours pe+n 82.2 85.1 82.6 85.0

Table 3. Part segmentation results on ShapeNetPart dataset. ‘C.
mloU’ stands for mloU (%) over all classes while ‘I. mIoU’ de-
notes mloU over all instances.

mentation quality with normal vectors. Under the pc and
z/SO(3) setting, our method attains a class mloU of 81.3%,
outperforming LocoTrans [4] by 1.2% (80.1%), highlight-
ing the robustness of our learned rotation-invariant features
even without normal input. Figure 3 visualizes representa-
tive segmentation results under the z/SO(3) protocol, further
illustrating the model’s robustness to arbitrary rotations.

5.5. Model Complexity

We compare the computational efficiency of our model
against recent RI methods in Table 4. Our method achieves
competitive segmentation performance while maintaining
a favorable balance between accuracy and complexity.
Specifically, the proposed model has only 2.25M param-
eters and 3841M FLOPs, significantly lower than Loco-
Trans [4] and RISurConv [44]. Compared to TetraS-
phere [27], which has a similar parameter count, our method
improves I. mloU by 1.7% while using fewer FLOPs. These
results highlight the efficiency and scalability of our model
in resource-constrained scenarios.

LocoTrans  TetraSphere  RISurConv Ours
Params 6.72M™ 1.31IM 4.06M 2.25M
FLOPs 7998M* 7996M 12120M 3841M
C. mloU 80.1 - 81.3 81.3
I. mloU 84.0 823 - 84.0

Table 4. Comparison of FLOPs, parameter count, and mloU on
ShapeNetPart (z/SO(3)) with point coordinates only. (* indicates
the results are estimated based on the classification architecture.)

5.6. Ablation Studies

In this section, we conduct ablation analysis to assess the
effectiveness of key components in our framework. Specif-
ically, we analyze the influence of (i) the relative pose rep-
resentation and (ii) the number of samples Ny used in ge-
ometric mean estimation for global pose aggregation. All
experiments are conducted under the z/SO(3) protocol for
consistency and fairness.
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No. RI Representation Dim  MN40. ScanOb;.
1 PPF 4 91.8 82.8
2 Aug.PPF [3] 8 924 83.3
3 4DPPF(p.., p]) 4 92.4 84.4
4 (PPF, 4DPPF(pT pJ )) 8 92.5 86.7
5 (4DPPF(p!., pJ) 4DPPF(p7 s pj) 8 92.8 87.4

Table 5. Ablation study on the relative pose feature. Reported
results are classification accuracy under the z/SO(3) setting.

Effect of Relative Pose Representation. Table 5 presents
a detailed comparison of different RI representations. The
baseline PPF uses the classic point pair feature formu-
lation [9]. Aug.PPF [3] incorporates handcrafted en-
hancements to mitigate ambiguity from symmetric point
pairs (Equation 12). In contrast, our learned formulation
4DPPF(p;., p}), derived from lifted point pairs using steer-
able spherical neurons, replaces handcrafted descriptors and
achieves superior performance on ScanObjectNN, despite
operating in a lower-dimensional feature space. The hy-
brid design (PPF, 4DPPF(pI,, pg)) combines the classic PPF
with our global-aware variant and significantly outperforms
both PPF and Aug.PPF alone. Finally, our full represen-
tation Ga4DPF(p,.), defined as (4DPPF(p;, p’), 4DPPF(p],
p;» ), integrates both local and global-aware 4DPPFs. It con-
sistently achieves the highest accuracy across both Model-
Net40 and ScanObjectNN, validating the effectiveness of
unifying local and global relational cues.

Effect of Sampling Number N;. Table 6 investigates the
impact of the sampling number /N, used for estimating the
geometric mean. We report classification accuracy on both
ModelNet40 and ScanObjectNN under the z/SO(3) setting.
Increasing N from 1 to 10 yields consistent performance
improvements, with the highest accuracy achieved at N,
= 10, with 92.8% on ModelNet40 and 87.4% on ScanOb-
jectNN. However, further increasing N yields no improve-
ment or slight degradation, indicating that /N; = 10 offers an
effective balance between accuracy and efficiency.

N 1 5 10 15 20
Acc.(ModelNet40) 923 925 928 928 9238
Acc.(ScanObjectNN) 855 859 874 872 869

Table 6. Ablation study on the sampling number N for geometric
mean estimation. Reported results are classification accuracy un-
der the z/SO(3) setting.

5.7. Visualization of Learned RI Features

We visualize the dense point-wise features learned under
various rotations in Figure 4. Compared to DGCNN [36],
whose features exhibit significant variation under different
poses, and PaRI-Conv [3], which shows improved consis-
tency, our method produces the most rotation-invariant and
semantically discriminative representations. Notably, our

PaRI-Conv DGCNN Inputs

Ours

Figure 4. Visualization of learned dense features for shape part
segmentation under different rotations. Our method (bottom row)
yields more consistent and discriminative representations, espe-
cially for symmetric parts, while preserving rotation invariance.

features remain stable across arbitrary rotations and demon-
strate fine-grained distinctions between symmetric struc-
tures (such as airplane wings and engines) indicating en-
hanced local expressiveness. While PaRI-Conv also lever-
ages LRFs to achieve rotation invariance, its reliance on
handcrafted frame construction restricts its capacity to re-
solve structural ambiguities in symmetric geometries. In
contrast, our model integrates a global pose anchor within
the lifted 4D feature space, allowing more consistent fea-
ture alignment across poses and enabling compact yet ex-
pressive representation learning.

6. Conclusion

In this work, we presented Ga4DPF, a robust and global-
aware RI representation that directly addresses the long-
standing challenge of structural ambiguity in RI point cloud
analysis. Our key insight lies in bridging rotation equiv-
ariance and invariance through joint local-global modeling:
a learnable steerable transform enables 4D lifting for ro-
bust local feature construction against point-pair ambigu-
ity, while a dynamic global pose reference modeled by the
Bingham distribution provides consistent orientation cues.
By jointly eliminating both local and global ambiguities,
Ga4DPF yields a compact, discriminative, and truly RI rep-
resentation. Extensive experiments on multiple benchmarks
validate the effectiveness and efficiency of our method, sig-
nificantly outperforming existing RI methods and highlight-
ing its potential as a principled direction for future RI rep-
resentation learning. In future work, we plan to extend this
representation to more complex scenes, explore its integra-
tion with generative models, and investigate its application
in multimodal and spatiotemporal frameworks.
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