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Abstract— Given its wide application in robotics, point cloud
registration is a widely researched topic. Conventional methods
aim to find a rotation and translation that align two point
clouds in 6 degrees of freedom (DoF). However, certain tasks
in robotics, such as category-level pose estimation, involve non-
uniformly scaled point clouds, requiring a 9DoF transform for
accurate alignment. We propose HEGN, a novel equivariant
graph neural network for 9DoF point cloud registration. HEGN
utilizes equivariance to rotation, translation, and scaling to
estimate the transformation without relying on point corre-
spondences. Based on graph representations for both point
clouds, we extract equivariant node features aggregated in their
local, cross-, and global context. In addition, we introduce a
novel node pooling mechanism that leverages the cross-context
importance of nodes to pool the graph representation. By
repeating the feature extraction and node pooling, we obtain a
graph hierarchy. Finally, we determine rotation and translation
by aligning equivariant features aggregated over the graph
hierarchy. To estimate scaling, we leverage scale information
in the vector norm of the equivariant features. We evaluate the
effectiveness of HEGN through experiments with the synthetic
ModelNet40 dataset and the real-world ScanObjectNN dataset.
The results show the superior performance of HEGN in 9DoF
point cloud registration and its competitive performance in
conventional 6DoF point cloud registration.

I. INTRODUCTION

Point cloud registration is central to robotics by facil-
itating accurate perception, mapping, and localization for
autonomous systems. Methods for point cloud registration
have been used in robotic applications such as Simulta-
neous Localization and Mapping (SLAM) [1], camera lo-
calization [2], or object pose estimation [3]. While non-
learning-based approaches are currently well-established in
the robotics landscape [3], [4], learning-based methods are
becoming increasingly popular [5], [6]. Among learning-
based approaches, techniques that exploit attention mecha-
nisms have gained significant traction due to their ability
to encode contextual information and enable efficient corre-
spondence estimation [7], [8], [9].

Conventional point cloud registration methods [10], [11],
[12] aim to find a 6DoF transformation that aligns a
source and target point cloud. The transformation com-
monly consists of a 3DoF rotation and a 3DoF translation.
However, several tasks related to the robotics domain deal
with non-uniformly scaled source and target point clouds.
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Fig. 1. Given uniform scaling, baseline methods and HEGN accurately
align two point clouds. However, if both point clouds are non-uniformly
scaled, baseline methods fail to align the two point clouds accurately, while
HEGN performs a successful alignment.

These include (a) category-level object pose estimation prob-
lems [13], [14], [15], [16], (b) scan-to-CAD indoor recon-
struction problems [17], [18], [19], [20], (c) loop closure
in object SLAM problems [21], [22], [23], and (d) cross-
sensor point cloud registration [24]. To achieve an accurate
registration for such cases, additionally, 3DoF scaling must
be estimated. This extends the search space to 9DoF for
estimating the transformation between source and target
point clouds.

This paper addresses the 9DoF point cloud registration
problem by capitalizing on recent advances in equivariant
point cloud analysis. To estimate a 9DoF transformation, we
leverage global features equivariant to the geometric group
of 3DoF rotation, 3DoF translation, and 3DoF scaling. First,
we map source and target point clouds to their graph repre-
sentation, from which we extract equivariant node features
aggregated in their local, cross, and global contexts. Then,
we pool the graph using a novel pooling mechanism that
considers the cross-contextual importance of node features.
We repeat both feature extraction and node pooling M times
to obtain a graph hierarchy. Finally, we find rotation and
translation by aligning equivariant global features aggregated
over the graph hierarchy while we estimate scaling from the
vector norms of the aggregated features. Through extensive
experiments conducted in synthetic and real-world environ-
ments, we demonstrate the effectiveness of the proposed
method for point cloud registration in 6DoF and 9DoF
(Fig. 1).
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We list the following main contributions:
• We leverage equivariance to rotation, translation, and

scaling to find a 9DoF transformation from the feature
space without relying on point correspondences.

• We present HEGN, a novel hierarchical equivariant
graph neural network designed to extract equivariant
global features. HEGN obtains its hierarchical structure
through a novel node pooling mechanism that preserves
equivariance and enables registration from feature align-
ment.

• We showcase the effectiveness of the proposed HEGN
on the synthetic ModelNet40 and real-world ScanOb-
jectNN datasets.

The rest of the paper is organized as follows. Section II
provides an overview of the related works in point cloud
registration and equivariant point cloud analysis. Section III
presents a formal definition of the 9DoF point cloud registra-
tion problem. We explain the modules of the proposed HEGN
in Section IV, and evaluate its performance in Section V.
Finally, we summarize the findings and conclusions of our
method in Section VI.

II. RELATED WORK

A. Point Cloud Registration

Point cloud registration research can be categorized into
two main approaches: local and global methods. Local
methods are efficient when provided with an initial trans-
formation, while global methods excel in scenarios with
high outlier presence. Among the local methods, ICP is a
prominent method [25]. ICP iteratively improves the regis-
tration by minimizing the distance between corresponding
points in the source and target point clouds. In the group of
global methods, RANSAC has been deployed in combination
with feature matching schemes tackling point cloud registra-
tion [11]. Due to its outlier rejection mechanism, RANSAC is
a robust algorithm that produces accurate registration results
even in high-noise scenarios.

A large body of related work introduces learning-based
methods for the point cloud registration task [9], [26]. IDAM
proposes an iterative distance-aware similarity matrix convo-
lution module to match points based on joint information of
geometric features and an Euclidean offset [27]. As a global
learning-based registration method, DeepGMR finds point-
to-component correspondences with a PointNet backbone
and fits Gaussian Mixture Models (GMM) to the corre-
spondences to obtain the transformation by GMM parameter
matching [12]. DeepUME builds upon the Universal Mani-
fold Embedding and proposes a deep neural network lever-
aging the embedding for registration [28]. Recently, RIENet
proposed a reliable inlier evaluation method for unsupervised
point cloud registration, utilizing neighborhood consensus
to distinguish effective inliers by capturing discriminative
geometric differences between the source and pseudo target
neighborhoods [29]. In contrast to the discussed methods,
HEGN leverages equivariance to rotation, translation, and
scaling, which allows the estimation of a 9DoF transform

directly from feature space. We compare the performance of
the proposed HEGN with the aforementioned approaches and
show how the proposed HEGN outperforms these methods
in 9DoF point cloud registration.

B. Equivariant Point Cloud Analysis

Equivariant point cloud analysis aims to leverage the
inherent symmetries and transformations in point cloud data.
This category of methods has shown improvements to tasks
such as point cloud classification, segmentation, and comple-
tion [30], [31], [32]. Equivariant point cloud analysis has also
proven beneficial for numerous robotics applications [33],
[34], [35]. Vector Neurons (VN) [30] is a popular framework
for designing equivariant networks. VN contain equivari-
ance by extending neurons from 1D scalars to 3D vectors.
This enables a straightforward mapping of SO(3) actions
to latent spaces across common neural operations such as
linear layers, nonlinearities, pooling, and normalizations.
Recently, learning-based equivariant methods based on the
VN framework have been applied to point cloud registration.
Zhu et al. [36] propose an SO(3)-equivariant implicit learning
strategy to achieve correspondence-free 3DoF point cloud
registration from VN features. Lin et al. [37] follow up on
this strategy and propose an SE(3)-equivariant global-local
model for 6DoF point cloud registration. While we similarly
leverage VN features, we extend point cloud registration
to 9DoF. Moreover, the implicit learning proposed in both
approaches introduces additional computational complexity,
which decreases its applicability in robotics. In contrast, we
propose an explicit learning strategy to address this potential
issue.

III. PROBLEM FORMULATION

Given a source point cloud X = {xi ∈ R3|i = 1, ..., N}
and a target point cloud Y = {yi ∈ R3|i = 1, ..., N}, the
goal of point cloud registration is to find a transformation
T that minimizes the distance between transformed point
cloud T (X) = {T (xi) ∈ R3|i = 1, ..., N} and Y . When
considering a registration in 9DoF, the transformed point
cloud T (X) is given by:

T (X) = SRX + t, (1)

where T = {R, t, S}. Here, T consists of a 3 × 3 rotation
matrix R ∈ SO(3), translation vector t ∈ R3, and diagonal
scaling matrix S ∈ R3

diag≥0. Commonly, the transformation
that minimizes the distance between T (X) and Y is found
by solving a least-squares optimization problem:

min
T

N∑
i=0

||T (xi)− yi ||22 . (2)

To solve Eq. 2 directly from the feature space of X
and Y instead of point-to-point correspondences, the feature
mapping f(·) needs to exhibit equivariance to the 9DoF
transform T = {R, t, S}:

f(SRX + t) = SRf(X) + t. (3)
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Fig. 2. Overview of the proposed HEGN. First, we achieve translation equivariance by subtracting the centroid from both point clouds. Next, we convert the
point clouds into their graph representations using a k-nearest neighbor search. From these graph representations, we extract equivariant features aggregated
in their local, cross, and global contexts (orange). Then, we pool the graph and its features using our proposed invariant node pooling (blue). We repeat
both procedures M times to obtain hierarchical graph representations for both point clouds. Finally, we aggregate the hierarchical graph representations to
derive a 9DoF transformation from the equivariant feature space (green).

IV. PROPOSED METHOD

A. Overview

To address the 9DoF point cloud registration problem, we
use recent progress in equivariant point cloud analysis. We
address 9DoF point cloud registration by aligning equivariant
global features. First, we subtract the respective centroid µ
from X and Y to obtain centered point clouds X and Y .
We preserve the centroids for the registration step, ensuring
translation equivariance through the whole architecture as
proposed in [37], [38]. Based on a graph representation of
X and Y , the encoder extracts node features equivariant to
rotation and scaling (Section IV-B). After feature extraction,
we pool the graph nodes in an invariant pooling operation
(Section IV-C). To obtain a graph hierarchy, we repeat feature
extraction and node pooling M times. We then map the node
features to global features and use them in a hierarchical
9DoF registration (Section IV-D). The overall architecture
of the proposed HEGN is displayed in Fig. 2.

B. Equivariant Feature Extraction

To construct the initial graph representation, we perform
a k-nearest neighbors search for each point in X and Y . We
use a shared VN-DGCNN layer [30] with mean pooling over
the k neighborhood to map the spatial dimension of X and
Y to the feature space. This step generates the node features
fX ∈ RN×C×3 and fY ∈ RN×C×3, where N denotes the
number of points and C denotes the feature dimension. Given
the characteristics of VN, the extracted node features are
equivariant to rotations [39]. Furthermore, scale equivariance
is given through the vector nature of the features [38], [40].

After the initial graph creation and feature extraction, we
update the graph dynamically after each feature extraction
and node pooling block (kNN in Fig. 2).

To aggregate the local context for each node ni, we utilize
a VN-DGCNN layer over the feature f i

X of ni and the node
features f j

X of its k-nearest neighborhood Ni as:

f i
X =

1

| Ni |
∑

(i,j)∈Ni

VN-MLP((f j
X − f i

X)⊕ f i
X), (4)

where VN-MLP denotes a combination of a VN-Linear and
VN-LeakyReLU as proposed in [30], and (f j

X − f i
X) ⊕ f i

X

denotes a concatenation of the feature of ni and the node
features of its k-nearest neighborhood Ni.

As shown in related work [7], [8], capturing cross-
contextual information between X and Y can benefit the
point cloud registration problem. To capture such context
in our setting, we utilize cross-attention between fX and fY
using a VN-Transformer [40]. For each ni in X , we compute
its query Qi

X as:

Qi
X = ChNorm(VN-MLP(f i

X)), (5)

where ChNorm is a vector channel normalization that ex-
cludes the scale factor, as discussed in [38], [40]. The key
Kj

Y , and value V j
Y are derived from the node features f j

Y in
the k-nearest neighborhood Ni of ni in Y as:

Kj
Y = ChNorm(VN-MLP((f j

Y − f i
Y )⊕ f i

Y )), (6)

V j
Y = VN-MLP((f j

Y − f i
Y )⊕ f i

Y ). (7)

6983



The cross-attention score ajX for ni in X is then defined
as follows:

ajX = softmax(
Qi

XKj,T
Y√

3C
). (8)

Given the excluded scale from the vector channel nor-
malization and rotation invariance from the query and key
dot product, the obtained cross-attention score ajX is both
rotation- and scale-invariant. This step ensures that the cross-
attention stays equivariant w.r.t. to rotation and scale [40].
We then obtain the feature f i

X for ni aggregated with cross-
contextual information as follows:

f i
X = f i

X +
∑

(i,j)∈Ni

ajXV j
Y . (9)

To improve the expressiveness of the extracted node
features, we use global context aggregation. We achieve
this type of aggregation by averaging fX along the node
dimension to obtain global features FX ∈ RC×3 for X .
We then update fX through global context aggregation as
follows:

fX = VN-MLP(fX ⊕ FX). (10)

We apply the same local, cross, and global context aggrega-
tion with shared layers to derive fY .

C. Invariant Node Pooling

To increase efficiency, methods relying on graph neural
networks propose to use the farthest point sampling to
reduce the graph size [38], [40]. However, such a sampling
procedure is associated with high computational costs, thus
decreasing applicability to time-sensitive robotics applica-
tions. Furthermore, contextual information in the graph is
not considered. We propose a sampling-free graph pooling
mechanism that captures contextual information to account
for such deficiencies. We map the rotation and scale equiv-
ariant node features fX ∈ RN×C×3 to their rotation and
scale invariant representation ϕX ∈ RN×C as in [38]:

ϕX =

〈
fX ,

fX

∥fX∥

〉
, (11)

where fX is the vector feature averaged along the dimension
C. We find ϕY analogous to ϕX . We aim to derive node-
specific importance scores based on invariant node features.
To ensure that cross-contextual information is considered in
the node importance calculation, we correlate ϕX and ϕY to
obtain invariant importance scores sC ∈ RN as:

sC = softmax(ϕXϕT
Y ). (12)

By deriving importance scores from cross-contextual in-
formation, we ensure that the node pooling chooses nodes
based on their shared importance in both point clouds. Given
the rotation and scale invariance of ϕX and ϕY , the learned
node importance scores are also invariant, ensuring consistent
importance of nodes under arbitrary rotations and scaling. We
utilize sC to pool the nodes in both X and Y in a TopK-
ranking to find a set of K node indices idx:

idx = rank(sC ,K). (13)

We use idx to select the top-ranking nodes and define the
pooled graph features as fm+1

X = fm
X (idx) and fm+1

Y =
fm
Y (idx), where m denotes the graph hierarchy level. Both
fm+1
X and fm+1

Y are then used as input for the next block
of feature extraction and node pooling.

D. Hierarchical 9DoF Registration

After M blocks of feature extraction and node pooling,
we obtain M equivariant node features fX = {f1

X , ..., fM
X },

representing the graph hierarchy. We perform mean pooling
along the node dimension of the node features fX to obtain
global equivariant features FX = {F 1

X , ..., FM
X }. Then, we

perform a hierarchical aggregation using a VN-MLP as:

FX = VN-MLP(F 1
X ⊕ ...⊕ FM

X ), (14)

to obtain a global equivariant feature FX for X . FY is
obtained in the same way. We employ singular value decom-
position between FX and FY to find a rotation R that aligns
X and Y without relying on point correspondences. We then
use the preserved centroids to find t as t = µY − RµX . To
find S, we make use of the scale information that vector
norms hold and derive S as:

S =
SY

SX
=

||FY ||
||FX ||

, (15)

where SX and SY denote the 3DoF scales of X and Y .
Given the scale equivariance of global feature vectors, the
scale of both X and Y can be efficiently extracted.

E. Loss Function

To train HEGN, we introduce a two-part loss term. The
first component is the registration loss LR, which minimizes
the mean squared error between the predicted (p) and ground
truth (g) 9DoF transformation elements, defined as:

LR = ||RT
g Rp−13×3 ||22+|| tg−tp ||22+||Sg−Sp ||22 , (16)

where 13×3 denotes a 3 × 3 identity matrix. We also use
the Chamfer Distance (CD) [41] to measure the dissimilarity
between the points of T (X) and Y :

LCD = CD((T (X), Y ). (17)

The final training loss is defined as L = LR + LCD.

V. EXPERIMENTAL EVALUATION

A. Implementation Details

We use M = 4 blocks, with k = 20 for the k nearest
neighbor search in the first two blocks and k = 16 for the
last two blocks. For the TopK pooling, we set K = N

4 for
the first two blocks, and K = N

2 for the last two blocks. The
dimension of the global descriptors used for 9DoF alignment
is set to 512×3. We train HEGN for 100 epochs and a batch
size of 32. For optimization, we choose the ADAM optimizer
with β1 = 0.9 and β2 = 0.99. We set the learning rate to
10−3, and use a cosine annealing scheduler. We train on two
NVIDIA GeForce GTX 1080 Ti GPUs. In our experiments,
we compare HEGN to non-learning (ICP, FPFH+RANSAC)
and learning-based methods (IDAM, DeepGMR, DeepUME,
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RIENet). To estimate S for these methods and enable a
comparison to HEGN, we fit 3D-oriented bounding boxes
OX and OY to X and Y . We then obtain S by dividing
over the eight bounding box corners of Y and X , similarly
as in [18]:

S =
1

8

8∑
i=1

| Oi
Y |

| Oi
X |

, (18)

We additionally assess HEGN using this scale estimation
method to thoroughly compare with other methods. By
performing global feature alignment, we determine the ro-
tation and translation. Subsequently, we apply the obtained
6DoF transformation to transform X and calculate the scale
according to Eq. 18. For a fair comparison, we exclude the
scale error term from LR in this scale estimation approach.
We denote this version of HEGN as HEGN (OBB), while
HEGN (VN) denotes the version utilizing vector norms.

B. Synthetic Data

In our first set of experiments, we evaluate HEGN using
the synthetic ModelNet40 dataset [42]. We use the processed
data from [43] and downsample all point clouds to 1024
points. We use 5,112 samples for training, 1,202 samples
for validation, and 1,266 for testing, as in [44]. We evaluate
both 6DoF and 9DoF point cloud registration. To generate
the relative poses between the source and target point clouds,
we randomly sample elements of the rotation matrix R
from the range of [0°, 180°], elements of the scaling S
from the range of [0.5, 1.5], and the translation t from the
range of [-0.5, 0.5]. For the 6DoF point cloud registration
experiments, we transform X by the generated R and t.
For the 9DoF experiments, we additionally scale X by S.
To further simulate real-world conditions, we jitter both
point clouds with Gaussian noise sampled from N (0, 0.01),
clipped to a range [-0.05, 0.05] [12]. Furthermore, we test on
unseen model categories to test the generalization capabilities
of learning-based methods. We rely on global metrics to
evaluate the registration performance and compute the root
mean square error (RMSE) and CD between T (X) and
Y . We also assess runtime performance by calculating the
average number of registered point clouds per second (FPS).

Table I lists the quantitative results for 6DoF and 9DoF
point cloud registration. HEGN achieves competitive perfor-
mance with other methods in the conventional 6DoF setting.
In the 9DoF setting, HEGN outperforms both local and
global methods regarding CD and RMSE. These results can
be linked to HEGN’s ability to incorporate 9DoF information
into the global features utilized for feature alignment and
scale estimation. When comparing HEGN (VN) and HEGN
(OBB), we observe that using vector norms of global features
outperforms the fitting of bounding boxes. We attribute this
result to the differentiability of the vector norm scale estima-
tion approach. Regarding runtime performance, HEGN has
a lower FPS than other learning-based methods. However,
we argue that the achieved runtime meets the requirements
for applications such as SLAM and pose estimation. More-
over, in the 9DoF setting, the scale estimation does not

significantly decrease FPS compared to the 6DoF setting,
as is the case for other methods. Interestingly, the FPS of
RANSAC increases for the 9DoF setting, which we explain
by RANSAC’s inability to find inliers, breaking the iterative
refinement. Fig. 3 visualizes qualitative results for the 9DoF
point cloud registration. We compare HEGN to DeepGMR.
The figure demonstrates that additional scaling introduces
a distorted geometry of X , resulting in unsuccessful reg-
istrations for DeepGMR. However, by leveraging rotation
and scale equivariance, HEGN achieves an accurate 9DOF
transformation, precisely aligning the source and target point
clouds.

C. Real-world Data

To further demonstrate the effectiveness of HEGN, we
evaluate its performance on a real-world benchmark. For
this, we utilize the ScanObjectNN dataset [45]. The ScanOb-
jectNN dataset consists of object-level indoor scans and
presents challenges such as additional background clutter,
uneven point distributions, and occlusions. We follow [46],
[47] and test the synthetic-to-real generalization capabilities
of learning-based methods using ModelNet40 pretraining.
We resample all scans to 1024 points and generate source

(a)  Input (b) DeepGMR (c) HEGN

Fig. 3. Qualitative results for 9DoF point cloud registration on ModelNet40.
Green illustrates the source point cloud X , while grey illustrates the target
point cloud Y .
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TABLE I
RESULTS FOR 6DOF AND 9DOF POINT CLOUD REGISTRATION ON THE

MODELNET40 DATASET. CD IS SCALED BY 102 .

Setting Method CD (↓) RMSE (↓) FPS (↑)

6DoF

ICP 22.81 0.89 128.49
FPFH+RANSAC 0.43 0.14 8.60

IDAM 0.81 0.07 51.70
DeepGMR 0.10 0.02 95.44
DeepUME 0.02 0.01 52.21

RIENet 6.05 0.49 28.06
HEGN 0.09 0.02 37.11

9DoF

ICP 75.36 1.09 93.49
FPFH+RANSAC 69.59 0.76 9.80

IDAM 36.18 0.82 46.08
DeepGMR 24.06 0.39 64.41
DeepUME 19.25 0.59 47.32

RIENet 38.01 0.79 26.55
HEGN (OBB) 15.34 0.34 33.03
HEGN (VN) 2.88 0.18 35.73

and target point clouds for ModelNet40. We employ the same
evaluation metrics as the synthetic benchmark (CD, RMSE,
FPS).

Table II summarizes the quantitative results for the real-
world experiments. In the 6DoF setting, most methods gen-
eralize well and yield highly accurate results. Similarly, as
in the synthetic benchmark, HEGN significantly outperforms
other methods in terms of CD and RMSE in the 9DoF setting.
These results indicate that HEGN (a) performs well in real-
world conditions, and (b) generalizes well to real-world
conditions when trained on synthetic data. Furthermore, we
conclude that registration based on global feature alignment
is robust in the presence of noise common to real-world
scanning scenarios. Fig. 4 illustrates qualitative results for
9DoF point cloud registration for a table scan. Given an
uneven point distribution and sensor noise, HEGE finds an
accurate transformation that aligns X and Y .

D. Ablation Study

To evaluate the impact of each module on the overall
performance of HEGN, we perform an ablation study with
four settings. We compare the performance when omitting (a)
the local context aggregation, (b) the cross-context aggrega-
tion, (c) the global context, and (d) the hierarchical feature

(a)  Input (b) DeepGMR (c) HEGN

Fig. 4. Qualitative results for 9DoF point cloud registration on ScanOb-
jectNN. Green illustrates the source point cloud X , while grey illustrates
the target point cloud Y .

TABLE II
RESULTS FOR 6DOF AND 9DOF POINT CLOUD REGISTRATION ON THE

REAL-WORLD SCANOBJECTNN DATASET. CD IS SCALED BY 102 .

Setting Method CD (↓) RMSE (↓) FPS (↑)

6DoF

ICP 22.36 0.87 123.50
FPFH+RANSAC 0.13 0.01 2.77

IDAM 0.00 0.00 52.44
DeepGMR 0.00 0.00 100.20
DeepUME 0.00 0.00 53.42

RIENet 2.73 0.20 28.99
HEGN 0.01 0.01 36.77

9DoF

ICP 134.63 1.24 88.22
FPFH+RANSAC 92.20 0.68 9.67

IDAM 72.04 0.82 46.29
DeepGMR 43.26 0.45 66.30
DeepUME 42.29 0.59 48.43

RIENet 81.88 0.73 27.04
HEGN (OBB) 57.39 0.44 32.15
HEGN (VN) 3.62 0.19 37.46

TABLE III
ABLATION STUDY OF HEGN FOR 9DOF POINT CLOUD REGISTRATION

ON THE MODELNET40 DATASET. CD IS SCALED BY 102 .

Setting CD (↓) RMSE (↓) FPS (↑)

w/o local context 4.30 0.22 38.75
w/o cross-context 4.05 0.21 61.89
w/o global context 3.28 0.19 37.50

w/o hierarchical aggregation 3.06 0.19 37.74

HEGN (VN) 2.88 0.18 35.73

aggregation. In the last setting, we perform registration
using the global features extracted after the last block. We
retrain HEGN for all settings on ModelNet40 for the 9DoF
registration with vector norm-based scale estimation. We
obtain similar performances for the first two settings. These
results highlight the importance of leveraging local and
cross-contextual information in feature extraction for point
cloud registration problems, as highlighted in [7]. Albeit
higher FPS, the second setting yields lower registration
accuracy than the original setting, emphasizing cross-context
aggregation despite increased computational costs.

VI. CONCLUSION

This paper presents HEGN, a novel equivariant graph
neural network for 9DoF point cloud registration. By lever-
aging equivariance to rotations, translations, and scaling,
HEGN effectively estimates a transformation that facilitates
the alignment of point clouds in 9DoF. We demonstrate the
efficacy of HEGN through comprehensive experiments for
9DoF point cloud registration on both synthetic and real-
world benchmarks. We achieve competitive results in the
conventional 6DoF setting, highlighting its versatility and
robustness. Furthermore, HEGN generalizes well to real-
world settings when trained on synthetic data. In the future,
we anticipate that HEGN will find practical applications in
various robotics tasks, such as pose estimation, indoor 3D
reconstruction, and SLAM.
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