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Rotation invariance vs non-invariance:
Why not both in one network?
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Abstract

The lack of robustness of many state-of-the-art computer vision models to geometric trans-
formations (rotation, scaling, etc.) has long been a recognized problem. While this issue is
tackled with data augmentation, geometric deep learning offers an elegant augmentation-
free solution at the cost of lower performance on standard benchmarks. We investigate
whether we can obtain the best of both worlds.

We explore the idea of combining rotation-dependent and rotation-invariant features for
point-cloud classification. A simple ensemble of regular and rotation-invariant deep point-
cloud networks with a joint classifier head and a simple loss function boosts point-cloud
classification and increases robustness to the arbitrary rotations. The presented approach
works without rotation augmentation during training and is applicable to both pose-aligned
and non-aligned datasets.

Keywords: Point-Cloud Classification, Rotation-Invariant Networks, Rotation-Equivariant
Deep Learning, Geometric Deep Learning, Ensemble Learning, Data-Augmentation-Free
Training, Robustness to Geometric Transformations

1. Introduction

General algorithms for 3D understanding of the world have many applications, includ-
ing autonomous driving, robotics, or augmented reality. Approximating the continuous
and infinite world of 3D geometries with discrete and sparse point clouds is currently the
most popular approach, primarily because of data availability and the universality of this
representation. Point clouds can be recorded using LiDAR or 3D scanners and digitally
generated from meshes and CAD models. A general 3D understanding of the world should
incorporate properties analogous to human visual perception. For example, this includes
being able to recognize objects regardless of their pose, distance, or scale from the sensor.
These variations can be described by geometric transformations, and indifference to these
transformations can be formalized through the concepts of equivariance and invariance.

Nowadays, transformer-based architectures (Vaswani et al., 2017) are popular because
they have low geometric priors (or biases). This enables them to be highly expressive and
completely data-driven, i.e. to learn almost anything from a large corpus of data. However, a
large number of parameters makes these models data-hungry and computationally intensive
during training. Finally, there is no guarantee that they will correctly learn geometric sym-
metries from the data. This results in a poor generalization to unseen (out-of-distribution)
geometric transformations.

Geometric deep learning (Bronstein et al., 2021) addresses these problems by replacing
attention or convolutional layers with functions that are equivariant or invariant to specific
geometric transformations (e.g. rotations, translations). Generally, equivariant methods
require fewer data and fewer parameters to learn meaningful representations (Gerken et al.,
2022), but they are less expressive than established deep learning methods (e.g. transform-
ers) and often show lower performance on benchmarks.
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Invariance and equivariance: Let Φ : X → Y be a function on the high dimensional
spaces X ,Y and let (G, ·) be a group that is defined on both, X and Y. The function Φ
is equivariant to group operations from G if Φ(g · X) = g · Φ(X), and invariant to group
operations from G if Φ(g · X) = Φ(X), for every X ∈ X and g ∈ G. Here, the action
of the group on the corresponding space is denoted by g· and the actual group action is
implemented by a representation of the group on the corresponding space.

In this work, X is a point cloud in R3, G is a 3D rotation group SO(3), g denotes the
rotation matrix, and · is a matrix multiplication. The function Φ is a neural network with
trainable parameters and Y is a high dimensional feature vector space representing a point
cloud. Hence, interpretation of rotation invariance for Φ is the following: Φ gives the same
output irrespective of the rotation of the input.

Note that the 3D space R3 introduces additional complexity compared to the R2 space,
especially with respect to rotations. One example are the 2D and 3D rotation groups SO(2)
and SO(3). SO(3) is non-commutative (non-abelian) in contrast to SO(2), i.e. in 3D it
matters in which order one applies rotations! For that reason, our approach focuses solely
on rotation invariance in 3D space for point clouds. Finally, point clouds are more suitable
for analyzing rotation invariance than images, as rotating 2D images on a discrete grid
introduces interpolation errors.

Why is the rotation invariance an important property? Its consequence is that no
rotation augmentation is needed. This reduces the effort of data preparation or pose align-
ment for many point cloud applications. Rotation-invariant neural networks have proven to
be more data-efficient and achieve comparable results without intensive data augmentation
(Zhang et al., 2024). Some tasks, such as finding duplicates in a database, require matching
two identical objects independent of their pose in the 3D space.

We aim at combining highly expressive data-driven architectures and equivariant archi-
tectures that are robust to geometric transformations. We propose a simple architecture
that combines features from a rotation-invariant backbone and from a rotation-dependent
backbone. Joint features are then concatenated and transformed via a multi layer percep-
tron (MLP) to obtain more robust and expressive representations for downstream tasks.
Our experiments show:
1. Joint architecture consistently improves classification across six datasets (Section 4.2.1).
2. Features from invariant and non-invariant networks are somewhat complementary: one
can use frozen pretrained networks and train only MLP heads to improve segmentation or
classification across five datasets (Section 4.2.2).
3. Joint architecture is significantly more robust to random SO(3) rotations for several
rotation augmentation strategies during training (Section 4.2.3 and Appendix E).

2. Related work

Point clouds sparsely describe 3d geometry of an object. Alternative ways to process and
analyze 3d geometries are via voxelization (Riegler et al., 2017; Wang et al., 2017), meshing
(triangulation) (Shakibajahromi et al., 2024) or multi-view images (Hamdi et al., 2021). In
the rest of the section, we give an overview of the most important ideas of deep networks
with point clouds as input.

2



Proceedings Track
Rotation invariance vs non-invariance

2.1. Standard (rotation-dependent) point cloud architectures

MLP/CNN-based architectures: One of the first works on deep learning exclusively for
point clouds was a simple pointwise multilayer perceptron known as PointNet (Qi et al.,
2017a) that was equivariant to point permutations in the point cloud. PointNet++ (Qi
et al., 2017b) extends this architecture to extract features from local neighbourhoods of the
points. This inspired further development and extension of convolutions (Thomas et al.,
2019), graph convolutions (Wang et al., 2019) or residual MLPs (Ma et al., 2022; Qian et al.,
2022) to point clouds.

Transformer-based architectures: First approaches using transformer-based neural net-
works (Vaswani et al., 2017) for point cloud classification were purely generalization of
language transformers in a supervised setting (Guo et al., 2021; Zhao et al., 2021; Wu et al.,
2022; Zhang et al., 2022a). The subsequent works improved the performance of transformer-
based architectures by adapting a self-supervised training to large corpora of 3D/point cloud
data, e.g. masked autoencoding with PointMAE (Pang et al., 2022), PointBERT (Yu et al.,
2022), and PointM2AE (Zhang et al., 2022b). Recent state-of-the-art models are indeed
transformer-based and include PointGPT (Chen et al., 2024), GPSFormer (Wang et al.,
2024), and Point Transformer v3 (Wu et al., 2024).

Multimodal-based architectures: Many point cloud datasets are extracted from meshes
or CAD models. Rendering tools enable the creation of 2D counterparts, i.e. images of
3D models. Hence, in these situations corresponding 2D and 3D spaces exist which can be
aligned through, e.g. unsupervised multimodal contrastive learning (Zhang et al., 2022c;
Xue et al., 2023, 2024; Qi et al., 2023) or autoencoders (Dong et al., 2022). Naturally, using
pretrained text-image models also allows to align another modality, namely language, to
3D models, e.g. see (Xue et al., 2024).

2.2. How to achieve rotation invariance / equivariance?

1) Alignment to canonical pose refers to the standardization of the object poses within the
same class. This pose can be chosen to reflect how this object usually appears around us.
For that purpose, objects can be rotated so that its principal axes of inertia match x, y, z
axis (Sun et al., 2021). Alternatively, we can train the network to align the objects without
supervision, e.g. using capsule networks (Sun et al., 2021), spherical CNNs (Spezialetti
et al., 2020), or ConDor (Sajnani et al., 2022). A pose alignment module can be incopo-
rated in existing architectures to align poses prior to downstream tasks (Fang et al., 2020).
Furthermore, one can align point clouds on local neighbourhoods via local reference frames
(LRFs) (Kim et al., 2020b) or centrifugal reference frames (Lou et al., 2023).

2) Rotation invariant/equivariant features. Building blocks of PointNet can be adjusted
to be rotation equivariant by extending neurons from 1D scalars to 3D vectors (Deng et al.,
2021). Another way is to extract low-level rotation invariant features (angles, distances)
from local neighbourhoods on several scales (Zhang et al., 2019) and combine them via
residual MLPs (Zhang et al., 2022d) or transformers (Zhang et al., 2024).

3) Group equivariant deep learning (Cohen and Welling, 2016) is a general theoretical
framework that builds equivariant representations on generic groups. Its applications to
the SE(3) (rotation-translation) group found its use for point clouds (Thomas et al., 2018;
Chen et al., 2021; Finkelshtein et al., 2022; Fuchs et al., 2020).
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4) Training with data augmentation is a standard technique to improve the robustness

of (rotation-dependent) neural networks against object rotations. This, however, leads only
to an approximate equivariance only. Studies also include comparisons between learning
equivariance from data vs using equivariant models (Gerken et al., 2022; Müller et al., 2021;
Gandikota et al., 2021; Gerken et al., 2022; Moskalev et al., 2023; Brehmer et al., 2024).
The results imply that learning equivariance from data requires larger model capacity and
more data. This highlights the necessity of directly incorporating the equivariance property
in the model architecture.

3. Method

Figure 1: Architecture overview

The main idea of our approach is to apply two point cloud networks in parallel. The
resulting feature vectors are, subsequently, concatenated into one larger feature vector, and
finally mapped to a class probability vector using a multi-layer perceptron (MLP) (Figure
1). The architecture consists of one rotation-invariant and one rotation-dependent network.
Additionally, we introduce two MLPs for feature vectors from each network separately. This
addition encourages both networks to learn meaningful feature representations individually.

3.1. Rotation-Invariant backbone

In principle, one can use arbitrary rotation-invariant backbones. In this paper, we use a
simplified version of the RIConv++ network (Zhang et al., 2022d) (Figure 3 in Appendix
B). RIConv++ requires point cloud with normals as input, i.e. X ∈ RN×6. Its elements
are denoted as (x, nx) ∈ X, where x ∈ R3 contains 3d coordinates and nx ∈ R3 is a normal
direction in point x. We use a subset of the original RI features from RIConv++ which
consists of three simple features {d0, α0, α1} between reference point (p, np) and point in its
local neighbourhood (x, nx):

• d0 = ||x− p|| distance between points x and p,

• α0 = ∠(−→xp, np) angle between normal np and line segment −→xp,

• α1 = ∠(−→xp, nx) angle between normal nx and line segment −→xp.
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This simplified version of RIConv++ with 4 layers has 0.6M parameters. Rotation-
invariant backbone is denoted as ΦRI : RN×6 → RdRI , where dRI is the dimension of the
embedding vector.

3.2. Regular backbone

Similar to the rotation-invariant network, the rotation-dependent network can be any ar-
bitrary model operating on point clouds. In this work, we investigate two network ar-
chitectures, namely PointMLP Elite (Ma et al., 2022) and PointBERT (Yu et al., 2022).
PointMLP (Elite) is MLP-based architecture inspired by the PointNet++ and introduces
residual (i.e. skip-connections) MLP layers. PointBERT is an adaptation of the bidirec-
tional encoder representations from transformers (BERT) architecture (Devlin et al., 2019)
generalized to point clouds.

PointMLP Elite is a lightweight network with 0.6M parameters, while PointBERT has
22M parameters. Hence, with the backbone choice we cover both sides of the complexity
spectrum. Regular rotation-dependent backbone is denoted as ΦRB : RN×3 → RdRB , where
dRB is the dimension of the embedding vector.

3.3. Network architecture and loss function

Both, the rotation-dependent (ΦRB) and rotation-invariant (ΦRI) backbones take a given
point cloud X ∈ RN×3 as an input and estimate the two separate embedding vectors
yRB ∈ RdRB and yRI ∈ RdRI , respectively. These vectors are, subsequently, concatenated
into one embedding vector yjoint = [yRB,yRI ] ∈ RdRB+dRI and passed to the classification
head fjoint : RdRB+dRI → Rdcls in order to obtain the class probability vector cjoint ∈ Rdcls ,
where dcls denotes the dimension of the vector, i.e. number of classes. To evaluate the
discrepancy between the desired network output c ∈ Rdcls and the actual network output
ĉ ∈ Rdcls , we use the well-known cross-entropy loss function Lce.

Furthermore, we investigate whether classification performance benefits from additional
optimization criteria. Therefore, we extend the loss function so that both backbone networks
are forced to independently estimate the correct class for a given point cloud input X (Figure
1). Consequently, the overall criteria1 (i.e. total loss) is defined as the sum of the individual
cross-entropy losses as shown in the following equation:

Ltotal

(
c, X

)
= Ljoint

(
c, X

)
+ LRB

(
c, X

)
+ LRI

(
c, X

)
. (1)

4. Experiments

4.1. Datasets and training setup

Table 1 gives the overview of the datasets used. For more details on datasets and training
setups, we refer to Appendix A. We used standard train/test splits from the literature.
For classification task we report overall accuracy (OA) without voting procedure for every

1. More details on this construction is given in Appendix C, as well as ablation study on loss function in
Appendix D.
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dataset (Qi et al., 2017a). For evaluation of segmentation task we report both class and
instance mean Intersection-over-Union (mIoU), as well as mean IoU for every class.

Dataset Size Task Class number Pose aligned

ModelNet40 (Wu et al., 2015) 12.3k classification 40 ✓
MCB-B (Kim et al., 2020a) 18k classification 25 ×

ScanObjectNN (Uy et al., 2019) 2.9k classification 15 ×
Protein data (Yacoub et al., 2025) 9.2k classification 97 ×

ShapeNetPart (Yi et al., 2016) 16.9k segmentation 50 ×

Table 1: Dataset summary. ScanObjectNN consists of three variations of dataset with
respect to difficulty: OBJ-ONLY, OBJ-BG and PB-T50-RS.

4.2. Results

4.2.1. Benchmarking on several datasets

First, we analyze incremental improvement of composite model from individual models
for two different regular backbones: PointMLP Elite and PointBERT (Table 2). In both
cases our composite model brings improvements compared to the individual models on
both pose-aligned and pose-non-aligned datasets. Note that for PointBERT baseline we
fine-tune pretrained version of the model, while our composite model is trained completely
from scratch. Interestingly, the smaller composite model using the PointMLP Elite as the
backbone achieves higher performance compared to the larger model using the PointBERT
backbone, despite having almost 20× less parameters.

Table 3 shows a comparison between our composite model using the PointMLP Elite
backbone and results achieved by the major approaches from the literature. Our composite
model, having only 1.2M parameters, shows higher performance than three competitors (Qi
et al., 2017a,b; Wang et al., 2019), while being outperformed by the larger version of the
PointMLP (Ma et al., 2022) and the GPSFormer (Wang et al., 2024). For unsupervised
methods that were pretrained with ShapeNet (Chang et al., 2015) or even larger datasets,
only larger variants of PointGPT-B/PointGPT-L (Chen et al., 2024) with 120M/360M pa-
rameters and pretrained on dataset with 0.5M point clouds clearly outperform our composite
model. Note that ShapeNet with 50,000 objects is roughly 4 times larger than ModelNet40.

Method ModelNet40 MCB-B OBJ-ONLY / OBJ-BG / PB-T50-RS Protein data

RI Baseline 90.6% 95.13% 83.4% / 81.2% / 79.2% 84.9%

PointMLP Elite 93.03% 91.26% 87.44% / 86.58% / 85.74% 84.3%

Composite 93.6% 95.51% 91.39% / 91.05% / 86.40% 89.15%
(w PointMLP Elite) (+0.57%) (+4.25%) (+2.95%/+4.47%/+0.66%) (+4.9%)

PointBERT (pretrained) 92.86% - 87.3% / 85.91% / 81.32% -

Composite 93.64% - 88.78% / 88.78% / 83.87% -
(w PointBERT) (+0.78%) (+1.48%/+2.86%/+2.55%)

Table 2: Quantifying the effect of combining rotation invariant and rotation dependent
point cloud networks on standard benchmarks.
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Method Parameters Supervised / Extra data ModelNet40 OBJ-ONLY / OBJ-BG / PB-T50-RS

PointNet (Qi et al., 2017a) 3.5M ✓/ × 90.3% 79.2% / 73.3% / 68.0%

PointNet++ (Qi et al., 2017b) 1.5M ✓/ × 92.4% 84.3% / 82.3% / 77.9%

DGCNN (Wang et al., 2019) 1.8M ✓/ × 92.1% 86.2% / 82.8% / 78.1%

DeltaConv (Wiersma et al., 2022) 2M ✓/ × 93.8% 89.5% / 89.4% / 84.7%

PointMLP (Ma et al., 2022) 12.6M ✓/ × 94.0% - / - / 85.4%

GPSFormer (Wang et al., 2024) 2.4M ✓/ × 95.0% - / - / 93.8%

PointBERT (Yu et al., 2022) 22.1M × / ✓ 92.7% 88.12% / 87.43% / 83.07%

Point-MAE (Pang et al., 2022) 22.1M × / ✓ 93.2% 88.29% / 90.02% / 85.18%

Point-M2AE (Zhang et al., 2022b) 12.9M × / ✓ 93.4% 88.8% / 91.2% / 86.4%

ACT (Dong et al., 2022) 22.1M × / ✓/ mutimodal 93.7% 89.16% / 91.22% / 85.81%

PointGPT-S (Chen et al., 2024) 29M × / ✓ 93.51% 90.0% / 91.6% / 86.9%

PointGPT-B (Chen et al., 2024) 120M × / ✓ 93.75% 95.2% / 95.8% / 91.9%

PointGPT-L (Chen et al., 2024) 360M × / ✓ 93.83% 96.6% / 97.2% / 93.4%

Composite (w PointMLP Elite) 1.2M ✓/ × 93.6% 91.39% / 91.05% / 86.4%

Table 3: Benchmarking of our method with PointMLP Elite as backbone on 3 classification
datasets. All accuracies are reported without voting.

Figure 2: Training only classification heads on pretrained frozen backbones.

4.2.2. Training only MLP heads on pretrained frozen backbones

Finally, we test whether we can use pretrained features from both rotation-invariant and
rotation-dependent backbones and combine them without fine-tuning the whole models.
Here, we keep both backbones frozen and train only MLP heads for 100 epochs. For rotation-
invariant backbone we use RIConv++ (Zhang et al., 2022d), while rotation-dependent back-
bone is PointGPT-S (Chen et al., 2024), the most recent state-of-the-art model. The results
are shown in Figure 2, including segmentation task on ShapeNetPart, and support the claim
that the frozen pretrained features from both networks are already enough to improve point-
cloud classification/segmentation.

4.2.3. Robustness to rotations

We evaluate the robustness with respect to rotations on the ModelNet40 dataset for four
rotation augmentation settings used for training. These include no rotation augmentation
(Scenario ∅), augmentation with random rotation from SO(3) group (Scenario SO(3)), as
well rotation augmentation with fewer discrete rotations (Scenario k π

2 and Scenario k π
4 ). In
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comparison to PointBERT, composite model shows better overall accuracy and increased
robustness to random SO(3) rotations in every scenario, as shown in Table 4. Additional
experiments on PB-T50-RS dataset are shown in Appendix E.

Scenario ∅: Generalization to unseen rotations This scenario trains the model in
aligned poses and tests on randomly rotated objects. Results are shown in Table 4(a).
This setting favors rotation-invariant methods. Our method shows increased robustness
compared to all rotation-dependent methods, including all models from PointGPT series.

Setting: (a) (b) (c) (d)
Train augmentation: ∅ k π

2 k π
4 SO(3)

Test augmentation: ∅/SO(3) ∅/SO(3) ∅/SO(3) ∅/SO(3)

PointBERT (pretrained) 92.86%/11.15% 88.22%/23.44% 84.76%/83.49% 85.93%/86.49%

Composite 93.64%/50.9% 91.14%/87.06% 91.14%/91.39% 90.78%/90.97%
(w PointBERT) (+0.78%/ + 39.75%) (+2.92%/ + 63.62%) (+6.38%/ + 7.9%) (+4.85%/ + 4.48%)

PointGPT-S (29M) 93.51%/14.15% − − −
PointGPT-B (120M) 93.75%/16.35% − − −
PointGPT-L (360M) 93.83%/17.25% − − −

Pt Transformer v2 (Wu et al., 2022) − − − −/88.3%

RotPredictor (Fang et al., 2020) − − − −/90.2%

Table 4: Evaluation of rotation augmentation strategies in training {∅, k π
2 , k

π
4 , SO(3)}.

Evaluation is done on ModelNet40 test set under two conditions: no rotation
augmentation (∅ in Test) and random SO(3) rotation (SO(3) in Test).

Scenario SO(3): Learning invariance with rotation augmentation In this scenario
we attempt to train rotation-dependent models to ”learn” rotation invariance from data by
means of rotation data augmentation. Table 4(d) shows that PointBERT is able to only
learn approximate rotation invariance at the expense of reduced overall accuracy: down
from 92.86% on aligned training data to 85.93% on non-aligned training data. Although
accuracy of the composite model also degrades, it still performs better than other rotation-
dependent architectures.

Scenario k π
2 : The first scenario covers the case where the training set consists of pose

aligned data, while the second scenario reflects the case when pose is completely random in
the training set. This scenario is somewhere in between: models are in aligned pose at the
beginning but can be orthogonally rotated by {0, π2 , π,

3
2π} around x,y or z axis. In this way,

the network has to learn to be rotation-invariant for a finite number of poses (or on a finite
subgroup of SO(3)). Table 4(b) shows results for this scenario. Scenario k π

4 samples more
finely the rotation group SO(3) with rotations in {k π

4 |k ∈ {0, 1, · · · , 7}}. Table 4(c) shows
results for this scenario. In both scenarios composite model clearly outperforms PointBERT
baseline.

4.3. Ablation Study

Ablation study is performed on ModelNet40 with PointBERT as a backbone. Additional
ablations are given in Appendix D.
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4.3.1. Testing other regular backbone

Table 5 shows the results when changing regular backbone to the well-known DGCNN
(Wang et al., 2019). Combined with the findings for PointMLP Elite and PointBERT, this
suggests that our method works for arbitrary rotation-dependent backbones.

∅ +PointBERT + DGCNN +RI

PointBERT 92.86% − 92.60% 93.64%
(pretrained) (-0.26%) (+0.78%)

DGCNN 91.61% 92.60% − 93.45%
(+1%) (+1.84%)

Table 5: Ablation study: varying combinations of RI and RB backbones.

4.3.2. Combining two regular backbones

Next, we explore whether replacing the rotation-invariant backbone (RI) by the rotation-
dependent backbone DGCNN improves the classification performance. The results in Table
5 suggest that the improvement is indeed the consequence of the complementarity of the
rotation-dependent and rotation-invariant features.

5. Conclusion

In this paper, we explore the idea of combining rotation-invariant and rotation-dependent
features for boosting point cloud classification. We have shown that simple ensemble archi-
tecture of rotation-invariant and rotation-dependent network achieves the goal, while signif-
icantly increasing the robustness to rotations. Additionally, we explored several strategies
for rotation augmentation and studied their effect on standard rotation-dependent point
cloud network PointBERT, as well as on our composite model.
Our results imply that composite architectures have a lot of unexplored potential, not
necessarily limited to point cloud domain. However, further developments in both areas
separately should be encouraged because new progress will likely benefit the composite ar-
chitectures, too. Main limitation our work is that model and data scaling has not been
explored in conjuction with rotation invariance due to the lack of large labelled datasets in
3d point domain.
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Appendix A. Details on datasets and training setup

ModelNet40 (Wu et al., 2015) contains 12,311 mesh-objects of man-made objects such as
tables, chairs, cars, airplanes, etc. It is divided in 40 categories and comes with train/test
split of 9,843/2,468. All objects within the same class are aligned in the same pose, which
naturally favors rotation-dependent methods.

MCB-B (Kim et al., 2020a) is a variant of Mechanical Components Benchmark (MCB)
which contains 18,038 mechanical components divided in 25 classes. To name a few: classes
include gears, handles, springs, discs, plates, etc. This dataset is collected from public CAD
repositories and hence comes as a pose non-aligned dataset. Theoretically, pose can be
arbitrary but usually CAD designers construct the objects in one of the canonical poses.

ScanObjectNN (Uy et al., 2019) contains 2,902 unique object instances from 15 cate-
gories extracted from real-world 3D scans of 700 unique indoor scenes. It is more challenging
than mesh/CAD-based datasets due to the presence of the background noise, non-uniform
sampling and reconstruction errors from scanning. Evaluation is usually performed on
three variants of the dataset OBJ-BG, OBJ-ONLY, and PB-T50-RS. OBJ-ONLY consists
of ”clean” segmented objects extracted from the scenes. OBJ-BG covers under-segmentation
situation, i.e. objects are segmented together with background elements or noise. PB-T50-
RS introduces additional perturbations of the objects such as partiality by shifting the
bounding box, rotation and scaling.

Protein Data (Yacoub et al., 2025) contains 11,565 protein surfaces with calculated
electrostatic potential divided into 97 unbalanced classes. A class is defined by a protein

14



Proceedings Track
Rotation invariance vs non-invariance

with different conformations (non-rigid deformations of protein surfaces). The training set
included 9,244 protein surfaces with their corresponding ground truth. The test set included
2,311 protein surfaces without ground truth. As test set labels were not available, we used
80/20 split of the training set for train-test evaluation.

ShapeNetPart (Yi et al., 2016) is a point cloud segmentation benchmark. It contains
16,881 shapes from 16 classes with 50 part labels. Classes are man-made objects such as
bag, car, guitar, laptop, etc. Each class has between 2 and 6 parts.

If not otherwise specified: we trained all our models using Adam optimizer with a default
learning rate 0.001 and step learning rate decay of 0.7 every 20 epochs on a single GPU
NVIDIA RTX 3500 Ada. For PointMLP Elite we use SGD optimizer as suggested in the
original paper. For benchmarking and ablation study we trained for 150 epochs. Applying
rotation augmentations to the training data results in a slower convergence and requires
more training iterations. For this reason, we double the number of training epochs to 300.
Batch size is always set to be between 8 and 32, depending on the dataset.

Appendix B. Details on RI Baseline

Here, we give a brief description of the RI baseline model. As shown in Figure 3, one
rotation-invariant layer of network consists of several steps:

1. FPS (furthest point sampling) algorithm to subsample the point cloud,

2. K-nearest neighbour algorithm to create local neighbourhoods,

3. rotation-invariant feature extraction for every point in the local neighbourhood,

4. MLP projector of RI features to higher dimension,

5. combination with the features from the previous layer (if any) with MLP projection,

6. and finally max pooling over local neighbourhood.

Appendix C. Construction of the loss function

In analogy to fjoint, the classification heads for both backbones are defined as fRB : RdRB →
Rdcls and fRI : RdRI → Rdcls , respectively. The additional classification heads fRB and fRI

takes their respective feature vectors yRB and yRI as inputs and map them to the class
vectors cRB ∈ Rdcls and cRI ∈ Rdcls , respectively. All three heads (fjoint, fRB, fRI) are
desired to estimate the same given class vector c:

Ljoint

(
c, X

)
= Lce

(
c, fjoint

(
ΦRB(X),ΦRI(X)

))
,

LRB

(
c, X

)
= Lce

(
c, fRB

(
ΦRB(X)

))
,

LRI

(
c, X

)
= Lce

(
c, fRI

(
ΦRI(X)

))
.
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Figure 3: Rotation-invariant layer in rotation-invariant network. K × C1 feature matrix is
forwarded from the previous layer (if there is any).

Appendix D. Additional ablation study

D.1. Loss function design

Table 6 shows modifications in training loss from eq. (1). The results support the hypothesis
that classification performance benefits from both additional optimization criteria LRI and
LRB used to train our model.

Loss function ModelNet40

Ljoint

(
c, X

)
93.32%

Ljoint

(
c, X

)
+ 1

2LRB

(
c, X

)
+ 1

2LRI

(
c, X

)
93.57%

1
2Ljoint

(
c, X

)
+ LRB

(
c, X

)
+ LRI

(
c, X

)
93.41%

Ljoint

(
c, X

)
+ LRB

(
c, X

)
+ LRI

(
c, X

)
93.64%

Table 6: Ablation study: variations on the design of loss function from eq. (1).

D.2. Linear vs two-layer classification heads

Table 7 shows that increasing the depth of ΦRI and ΦRB has a negative effect on the learning
process.

MLP head ModelNet40

Linear ΦRI / ΦRB 93.64%

Two layer ΦRI / ΦRB 93.32%

Table 7: Using deeper classification heads for ΦRI / ΦRB.
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D.3. Feature fusion

In the paper, we used the concatenation of two vectors as a feature fusion method. Here,
we explore whether summation of feature vectors and cross-attention of feature vectors are
as efficient as simple concatenation. Results are given in Table 8.

Feature fusion ∅ SO(3)

concatenate 93.64% 50.90%

sum 93.24% 56.43%

cross-attention 92.31% 54.57%

Table 8: Feature fusion strategies: how to combine rotation invariant and rotation depen-
dent features?

Appendix E. Additional experiments: robustness to rotations

Table 9 extends the experiments from Section 4.2.3 to PB-T50-RS dataset from ScanOb-
jectNN (Uy et al., 2019).

Train augmentation: ∅ SO(3)
Test augmentation: ∅/SO(3) ∅/SO(3)

PointBERT (pretrained) 81.32%/24.51% 66.71%/65.52%

Composite 83.87%/57.52% 78.97%/78.70%
(w PointBERT) (+2.55%/ + 33.01%) (+12.26%/ + 13.18%)

Table 9: Additional experiments on rotation robustness. Evaluation is done on PB-T50-RS
test set under two conditions: no rotation augmentation (∅ in Test) and random
SO(3) rotation (SO(3) in Test).
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