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Abstract. Point cloud registration critically depends on local features
that are both distinctive and robust to arbitrary 3D rotations. Existing
learning-based methods typically approximate rotation invariance via
fragile local reference frames or extensive data augmentation, providing
only empirical invariance and often degrading under unseen rotational
transformations. In this paper, we propose SHReg, a strictly rotation-
equivariant point cloud registration framework grounded in the repre-
sentation theory of SO(3). By representing local geometric features as
irreducible representations of SO(3), SHReg guarantees exact equivari-
ance under arbitrary rotations without relying on local reference frames.
Built upon a spherical-harmonics-based equivariant backbone, SHReg
jointly learns rotation-invariant descriptors for robust correspondence
matching and rotation-equivariant features that preserve fine-grained ori-
entation information. The preserved equivariant structure enables each
correspondence to directly hypothesize a rigid transformation, reducing
reliance on large-scale hypothesis sampling in conventional RANSAC-
based pipelines and leading to improved robustness under challenging
rotational variations. Extensive experiments on 3DMatch, 3DLoMatch,
and KITTI demonstrate that SHReg consistently outperforms state-of-
the-art methods in registration accuracy, particularly under large rota-
tional perturbations.

Keywords: Point Cloud Registration - Rotation-Invariant Networks -
Spherical Harmonics

1 Introduction

Point cloud registration, which estimates a rigid transformation to align two
partially overlapped point clouds, is a fundamental problem in 3D computer
vision. It has been widely applied in autonomous driving [23}41], robot lo-
calization [31], and 3D reconstruction [18,25,|35]. Among various paradigms,
the feature-based registration framework remains one of the most actively stud-
ied directions, typically consisting of two key steps: local descriptor extraction
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and robust transformation estimation [3|[11][1619/22].

A long-standing contradiction in this task lies in the fact that point clouds can
exhibit large pose variations, while the extracted descriptors are expected to be
invariant to such changes, especially global rotations. Therefore, learning dis-
criminative yet rotation-invariant features is crucial for reliable correspondence
establishment and accurate pose recovery.

To obtain rotation-invariant descriptors, existing methods can be roughly cat-
egorized into patch-wise |§|, and scene-wise feature extractors. Patch-
wise approaches learn descriptors from local neighborhoods and usually rely
on explicit preprocessing to eliminate orientation ambiguity. Two representative
strategies are: (1) using handcrafted rotation-invariant statistics such as dis-
tances, angles, or point-pair features |§|; and (2) estimating a local reference
frame to normalize the local patch before feature extraction. Although
these designs can reduce sensitivity to rotations, the former often suffers from
information loss due to aggressive invariant summarization, while the latter is
vulnerable to imperfect reference frame estimation under partial overlap. In ad-
dition, patch-wise methods are typically inefficient because they process a large
number of local patches independently, without effectively sharing intermediate
computations across the whole point cloud.

Scene-wise extractors 7 on the other hand, compute dense
descriptors for all points in a unified forward pass and have achieved strong
performance in recent learning-based pipelines. However, most scene-wise meth-
ods are built upon rotation-sensitive backbones (e.g., KPConv [30], FCGF [7])
and enforce rotation invariance mainly through extensive rotation augmentation
during training . This practice introduces several drawbacks. First, the con-
tinuous rotation space is difficult to cover sufficiently, leading to fragility when
encountering unseen orientations. Second, learning rotation invariance
implicitly often increases model capacity requirements, since the network must
“memorize” invariance patterns from data. Third, forcing a rotation-sensitive ar-
chitecture to become invariant can compromise its ability to focus on learning
structural distinctiveness, which limits descriptor discriminability under large
pose changes.
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Fig. 1: Experimental results on 3DMatch, 3DLoMatch, and Rotated 3DLoMatch. Our
method consistently achieves higher feature matching recall (FMR) and transformation
recall (TR), demonstrating strong robustness to rotations.
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In this paper, we propose SHReg, a strictly rotation-equivariant point cloud
registration framework built upon spherical harmonic representations. The core
idea is to explicitly model the SO(3) symmetry of point clouds at the represen-
tation level and leverage it consistently in both feature extraction and transfor-
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mation estimation. Unlike augmentation-driven designs that attempt to approx-
imate rotation invariance from data, SHReg enforces equivariance by construc-
tion, enabling the network to produce representations that transform predictably
under arbitrary rotations while preserving fine-grained geometric structures. As
shown in Fig. SHReg consistently achieves higher feature matching recall
(FMR), which measures the percentage of scan pairs with sufficiently accurate
correspondences, and transformation recall (TR), which evaluates the success
rate of pose estimation, across 3DMatch, 3DLoMatch, and their rotated vari-
ants.

First, we introduce a spherical harmonic—based strictly rotation-equivariant
feature extraction network. Spherical harmonics naturally form a complete and
orthogonal basis for functions defined on the sphere and exhibit well-defined
transformation behavior under rotations. By embedding local neighborhood ge-
ometry into the spherical harmonic domain, SHReg ensures that intermediate
representations follow strict equivariant transformation rules. Rotation-invariant
descriptors are then derived from these equivariant representations without sac-
rificing structural distinctiveness. In contrast to rotation-sensitive backbones
trained with extensive augmentation, our design builds rotation consistency
directly into the architecture, allowing the network to focus on learning in-
trinsic geometric characteristics rather than compensating for pose variations.

Second, we design a correspondence-

driven rigid transformation estimation A:zz /,/f"”*

strategy that directly exploits the consis- £ /‘/‘——-—-—k‘\r—t
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tation recovery, followed by stable transla-

tion estimation. Unlike conventional esti- Fig.2: Comparison of our hypothe-
mators such as RANSAC [11] and LGR sis proposer, RANSAC and LGR on
[27], which rely on sampling correspon- 3DLoMatch.

dence triplets to generate transformation hypotheses, our method proposes hy-
potheses from single correspondences guided by rotation-consistent features. As
shown in Fig. 2| our estimator reaches near-optimal performance with only 0.5k
hypotheses, while LGR requires around 2k hypotheses to stabilize and RANSAC
needs substantially more samples to achieve comparable results. These results
demonstrate that leveraging strictly rotation-equivariant features enables more
efficient and reliable pose hypothesis generation, leading to improved registration
recall with significantly fewer hypotheses.

Overall, our main contributions are summarized as follows:

— A strictly rotation-equivariant registration framework that explicitly models
SO(3) symmetry to resolve the contradiction between pose variation and
descriptor invariance.
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— A spherical-harmonics-based backbone that guarantees strict rotation equiv-
ariance and produces discriminative rotation-invariant descriptors without
relying on approximate invariance.

— A transformation estimation strategy enabled by strict SO(3) equivariance,
allowing each correspondence to determine a rigid transformation and re-
ducing the RANSAC search space for improved registration accuracy.

2 Related Work

Patch-wise and Scene-wise Feature Extractors. Early learning-based point
cloud descriptors |2}/81/9,/14,/37] were mainly patch-wise extractors, motivated by
traditional handcrafted descriptors [104{15]28]/29] and constrained by the limited
scalability of early point cloud convolution techniques. These methods focused
on designing rotation-invariant local representations, typically through local ref-
erence frame (LRF) construction [2[14] or handcrafted invariant encodings such
as point pair features (PPFs) [8,9]. While such strategies remove rotational am-
biguity at the input level, LRF estimation is known to be unstable under noise,
density variation, and partial observations, and invariant encodings often sup-
press orientation-dependent geometric cues that are potentially discriminative.
With the development of more efficient point cloud backbones [71/30], scene-wise
feature extractors [5}[12,27,/38] have become dominant due to their scalability
and contextual reasoning capability. These methods often rely on data augmen-
tation to improve robustness to rotations and focus on low-overlap matching
via attention mechanisms and coarse-to-fine pipelines. However, augmentation-
based training only provides approximate invariance and does not offer theoret-
ical guarantees under arbitrary 3D rotations. To address this limitation, several
works [32,33}/36,[39] introduce rotation-invariant or rotation-equivariant archi-
tectures based on group convolutions, vector neurons, or invariant convolution
operators. Group-based approaches discretize SO(3) and extract features under
multiple rotated copies of the input, leading to high computational cost and
memory overhead, while lightweight equivariant models often compromise ex-
pressive power. In contrast, SHReg models local geometry using irreducible rep-
resentations of SO(3) via spherical harmonics, ensuring strict rotation equivari-
ance by construction without LRF estimation, rotation discretization, or heavy
augmentation, thereby preserving both efficiency and geometric fidelity.
Robust Transformation Estimators. Given noisy correspondences con-
taining many outliers, robust transformation estimation remains a fundamental
challenge in point cloud registration. RANSAC [11] is widely adopted due to
its simplicity and general applicability; however, it generates hypotheses by ran-
domly sampling correspondence triplets, which results in a cubic search space
and requires a large number of iterations for reliable convergence. Recent learn-
ing based estimators [3}[6,/19,[21] improve robustness by modeling spatial con-
sistency among correspondences, enabling more effective inlier identification or
correspondence reweighting before applying SVD based transformation estima-
tion. Although these approaches reduce the number of spurious hypotheses,
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they still fundamentally depend on multiple correspondences to recover rigid
transformations. A few works [34] attempt to estimate rotations from a single
correspondence through direct regression, yet such strategies lack explicit geo-
metric constraints and often generalize poorly to unseen rotations. In contrast,
SHReg exploits strictly rotation equivariant features governed by irreducible
representations of SO(3), allowing each correspondence to directly produce a
rigid transformation hypothesis in closed form. By embedding transformation
structure into the feature representation itself, SHReg substantially reduces the
hypothesis search space while remaining compatible with standard global veri-
fication procedures, resulting in improved efficiency and robustness under large
rotational variations.

3 Method

3.1 Problem Statement

Given two partially overlapped point clouds
P={p;eR®|i=1,...,N}, Q={¢;eR?|j=1,...,M},
our goal is to estimate a rigid transformation
T = (R, 1), R e SO(3), t € R,

that aligns P to Q). We propose SHReg, a registration framework based on a
strictly SO(3)-equivariant spherical-harmonics network f(-), whose output sat-
isfies

f(RoX) = p(R) f(X), ReSO®M),

where p(-) denotes the SO(3) irrep action, implemented by Wigner-D matri-
ces [26], on feature representations. Such rotation-equivariant features couple
local structure information and orientation information induced by R, which
can be decoupled into rotation-invariant descriptors for correspondence match-
ing and rotation-equivariant features for transformation estimation.

The overall framework is illustrated in Fig. 3] Given P and @, a hierarchical
spherical-harmonics backbone extracts both patch-level and point-level features
as SO(3) irreps, and derives rotation-invariant descriptors for coarse-to-fine cor-
respondence estimation. Then, the feature-based hypothesis proposer leverages
the matched rotation-equivariant features F’p and FQ to generate multiple reli-
able SE(3) hypotheses from individual correspondences in closed form. The best
hypothesis is selected through geometric verification and refined to produce the
final alignment (R*,t*).

3.2 Strictly SO(3)-Equivariant Feature Backbone

Spherical-Harmonic Irreps Representation A core component of SHReg
is to encode point-wise features as a direct sum of irreducible representations
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Fig. 3: Framework of SHReg. A spherical-harmonics backbone extracts rotation-
invariant descriptors and rotation-equivariant features. Correspondences are obtained
in a coarse-to-fine manner. Each correspondence generates one SFE(3) hypothesis, and
the best hypothesis is selected as the final transformation.

(irreps) of SO(3). For each point p;, we decompose its feature into type-¢ blocks:

emax

F, = @ Fi(£)7 Fi(é) € RCex(2+1) (1)
£=0

Here, @ denotes the direct sum of SO(3) irrep blocks rather than ordinary

summation; each block contains Cy channels with representation dimension 2¢+

1. The order £ = 0 corresponds to scalar channels and ¢ > 0 corresponds to

higher-order geometric tensors. Under any rotation R € SO(3) applied to the

input point cloud, each block transforms equivariantly:

FRoP)=F"P)DYR)T, (2)

where D()(R) is the Wigner-D matrix of order £. This irrep structure pro-
vides strict SO(3) equivariance without pose normalization. We provide a rigor-
ous proof in the supplementary material that our spherical-harmonics encoding,
tensor-product with Clebsch—Gordan projection, linear neighborhood aggrega-
tion, and scalar-gated nonlinearity jointly preserve SO(3)-equivariance across
layers.
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SO(3)-Equivariant Spherical-Harmonic Convolution Given a point cloud
P, we construct a neighborhood A; for each point p;. For an edge (4, j), we define
the relative displacement
R ris
rig =p;—pi =gl Py = 2F (3)
The unit direction 7;; is lifted to an equivariant angular basis by spherical har-
monics Y ¥ (745), while the distance r is used to generate learnable radial weights:

al”) () = MLP(6(r)), (4)
where ¢(-) denotes a radial basis function (RBF) expansion. The edge kernel is

therefore given by Ki(fe) = a’)(r)Y ) (#;;), where the radial MLP only takes

the scalar distance r, while Y <) provides the angular equivariant basis.
We define message passing via a tensor-product convolution followed by a
Clebsch—Gordan (CG) projection:

MY =37 Crpine, (F;f” ® (@) (rij) y(ea(fij))), (5)
l; Ll

where Cy, ¢, ¢, is the fixed CG projection from type-¢; and type-{. irreps to
a valid type-¢, output irrep, with |[¢; — f.| < £, < {; + £.. Ouly radial func-
tions and channel mixing weights are learnable. Aggregating messages over the
neighborhood yields the updated feature:

ﬂ(en)/: Z Mi(jfa). (6)
pjEN;

We use invariant ¢ = 0 gates to modulate higher-order channels, so the scalar-

gated nonlinearity preserves the corresponding SO(3) transformation rules. Stack-
ing such layers forms a hierarchical backbone that outputs multi-resolution

rotation-equivariant features F, from which rotation-invariant descriptors X are

further derived for matching.

Rotation-Invariant Descriptor Readout For correspondence matching, we
remove the representation dimension within each irrep block using an invariant
norm: '
0 _ (¢,m)
Xi,c - Z ‘Fi,c

m=—{

2
’

(7)

where ¢ = 1,...,C} denotes the channel index. Concatenating invariants across
all orders produces the final descriptor:

d; = concat({XfZ)}ﬁi?f) ®)

The descriptor dimension before readout layers is therefore Zﬁj&" Cy. Since
D(Z)(R) is orthogonal, the ¢5 norm in Eq. is preserved under arbitrary
rotations, and thus d; is strictly rotation-invariant. A derivation of the strict
invariance of Egs. 7 is provided in the supplementary.
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3.3 Coarse-to-Fine Correspondence Matching

Since the backbone produces both patch-level and point-level features, we adopt
a coarse-to-fine matching strategy to suppress non-overlapping regions and es-
tablish accurate correspondences.

Superpoint Matching We first downsample the input point clouds into sparse
superpoints P and Q Their rotation-invariant features X p and XQ are fed into a
Geometric Transformer module, which captures global context via iterative self-
and cross-attention. The refined superpoint features Hp and ﬁQ are then used
to compute a similarity matrix S. The top-k reliable superpoint correspondences
are selected as

C = {(Pa> y.)}- (9)

Point Matching For each matched superpoint pair, we further search point-
level correspondences within their associated groups Gf; and fo Following |24],
we disentangle feature similarity and saliency by introducing a matchability head
Wy, and a saliency head Wi.

The similarity matrix is computed as

Mz, y, = (WmX:Z)T(Wme?)/\/Ba (10)
where D denotes the feature dimension. The saliency scores are predicted by
of =Sigmoid(W,X[), 0% = Sigmoid(W,X2). (11)
We obtain a soft assignment matrix
Z; = Uia’g @(Mlﬂuyi)a (12)

where ¢ denotes softmax normalization. Finally, the top-ranked point correspon-
dences across all matched superpoint pairs are selected:

C = {(Pa; > ay,)}- (13)

3.4 Feature-Based Hypothesis Proposer

Given a single correspondence (p <> ¢q), we generate one SFE(3) hypothesis T =
(R,t) in closed form from the matched rotation-equivariant features. The key
idea is to construct a local orthonormal frame at each point using different
irreps: £ = 2 captures a stable principal axis, while £ = 1 resolves its orientation.

Principal axis from £ = 2. We first aggregate £ = 2 features across channels:

Up = wJFff% Ug = w;—F((f), Up, uy € R, (14)
Each vector is mapped to a symmetric trace-free tensor:
Sp = P(up), Sq = P(ug). (15)

The dominant eigenvectors of S, and S, denoted by a, and a4, define unsigned
principal axes.
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Axis orientation from ¢ = 1. To resolve the sign ambiguity, we extract a
direction from ¢ = 1 features:

Up = wirFZ(,l), Vg = wingl). (16)

The axis orientation is determined by

ap = sign(a;—vp) ap, Qg = sign(a;vq) ag. (17)

Local frame construction. We construct right-handed local frames:
e1 = normalize(a), e = normalize(v — (elTv)el), €3 = e1 X e, (18)

forming orthonormal matrices A,, A, € SO(3).

Closed-form transformation. The rotation aligning the two frames is
R=AA], (19)
and the translation is computed as
t=q— Rp. (20)

Therefore, each correspondence directly produces one SE(3) hypothesis without
multi-point minimal solvers or SVD [20]. We detail the frame construction from
¢ = 1,2 features and degenerate-case checks in the supplementary.

3.5 Hypothesis Verification and Selection

We adopt a local-to-global hypothesis verification scheme. Given the correspon-
dence set C, the local phase generates a hypothesis set H = {T} = (Rk,tx)}
by applying the above closed-form solution to each correspondence. Since each
hypothesis is inferred from matched rotation-equivariant features encoding local
structural orientation, the resulting transformations are already locally consis-
tent.

In the global phase, we select the transformation that maximizes inlier sup-
port over all correspondences:

T* = arg %32% ) Z [l Ripz; + th — Gy, I3 < 7], (21)
(Pa Gy, )EC

where [-] denotes the Iverson bracket and 7 is the inlier threshold. Compared
with sampling-based estimators such as RANSAC [11], SHReg generates one
closed-form hypothesis per correspondence, substantially reducing the hypothe-
sis search space while preserving high registration accuracy.



10 C. Wang and J. Gao

3.6 Loss Function

We follow PARE-Net [36] and train SHReg with three losses, £L = L.+ Ls + L.,
including a superpoint matching loss L., a point matching loss L¢, and a con-
trastive rotation loss £,.. Specifically, L. supervises rotation-invariant superpoint
descriptors using the overlap-aware circle loss, £; optimizes fine-level correspon-
dences by supervising the soft assignment matrix and saliency prediction within
ground-truth superpoint pairs, and £, regularizes rotation-equivariant features
to be consistent under the ground-truth rotation via a margin-based contrastive
objective. For completeness, we refer readers to PARE-Net [36] for the detailed
formulations and training settings of these loss terms.

4 Experiments

To evaluate the effectiveness of SHReg, we compare it with state-of-the-art
point cloud registration methods on 3DMatch |42, 3DLoMatch [17], and KITTI
Odometry [13]. We also conduct ablation studies to analyze the contribution of
each component. All experiments are conducted on a workstation with an RTX
4090 GPU and an Intel Xeon(R) Platinum 8352V CPU. More implementation
details are provided in the Appendix.

4.1 Indoor Dataset: 3DMatch & 3DLoMatch

Dataset. 3DMatch [42] and 3DLoMatch [17] are indoor RGB-D benchmarks.
3DMatch contains 62 scenes, with 46, 8, and 8 scenes used for training, vali-
dation, and testing, respectively. It consists of point cloud pairs with overlap
ratios greater than 30%. 3DLoMatch is used only for testing and contains more
challenging pairs with overlap ratios between 10% and 30%. We follow the stan-
dard protocols [17}|36]. Unless otherwise specified, 5000 keypoints are sampled
per fragment to establish correspondences.

Baselines. We compare SHReg with strong baselines from three categories.
The first category includes rotation-sensitive scene-level matchers and descrip-
tors, such as FCGF [7], Predator [17], CoFiNet [38|, GeoTransformer |27], and
PEAL [40]. The second category contains rotation-robust scene-level methods,
including YOHO [32], RoReg [33], RoITR [39], and PARE-Net [36]. The third
category consists of patch-level rotation-invariant descriptors, including Spin-
Net |2] and BUFFER [1]. For methods that require a robust estimator, we use
the same Open3D RANSAC implementation with optimized hyperparameters
for fair comparison.

Metrics. Following [17})27], we evaluate registration performance using Inlier
Ratio (IR), Feature Matching Recall (FMR), and Registration Recall (RR). A
correspondence is considered correct if its residual distance under the ground-
truth transformation is smaller than 7.. IR denotes the ratio of correct corre-
spondences, FMR is the percentage of scan pairs whose IR exceeds 5%, and RR
measures the fraction of successfully registered pairs under threshold 7,.. For ro-
tated datasets, we additionally report Rotation Error (RE), Translation Error
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Table 1: Evaluation results on 3DMatch and 3DLoMatch. Methods with the RANSAC
estimator are marked by ¢, which exploit 5000 points to establish correspondences.

Method Size (MB) 3DMatch 3DLoMatch
FMR (%1) IR (%1) RR (%) Time (s}) FMR (%1) IR (%?1) RR (%?) Time (s))

FCGFo |7 8.76 94.7 31.1 82.8 0.12 59.4 9.8 38.0 0.13
SpinNeto [2] 141 97.6 47.5 88.6 9.85 75.3 20.5 59.8 9.03
YOHO |32] 12.38 98.2 64.4 90.8 2.81 78.9 25.9 66.0 2.62
Predatoro |17] 7.43 96.6 58.0 89.0 0.64 78.2 26.7 64.4 0.47
GeoTrans |27| 9.83 98.1 70.9 92.4 0.18 87.4 43.5 74.3 0.17
RoReg [33] 12.71 98.2 81.6 93.0 2.27 82.3 39.6 70.1 2.10
BUFFER |[1] 0.92 92.1 0.22 70.3 0.21
RolTro [39] 10.10 98.0 82.4 91.9 0.36 89.2 54.6 74.1 0.34
PEAL [40] 9.83 98.4 71.0 94.2 1.46 88.3 46.0 78.8 1.19
PARE-Net {36]  3.84 98.5 769 950 0.7 88.3 475 805  0.17
Ours 9.52 98.5 78.6 95.4 0.28 88.6 48.8 82.4 0.28

(TE), and Transformation Recall (TR) following RoReg |33|. Detailed definitions
of these metrics are provided in the Appendix.

Table 2: Evaluation results on 3DLoMatch and Rotated 3DLoMatch. For easy com-
parison of the impact of rotation, the numerical changes w.r.t. TR on the rotated
dataset are annotated in the top right corner of each value. Methods with rotation
invariant/equivariant designs are marked by * symbol.

Method Size (MB) 3DLoMatch Rotated 3DLoMatch

RE (°{) TE (em|) TR (%1) RE(°]) TE (em]) TR (%)
FCGF [7] 8.76 4.84 12.87 39.6 4.74 13.39 24.5715-1
Predator [17] 7.43 3.61 10.65 65.6 3.55 10.30 64.07 ¢
GeoTrans [27] 9.83 2.91 8.71 75.4 2.94 8.85 72.67%8
PEAL [40] 9.83 2.84 8.64 81.2 2.86 8.53 78.77%5
YOHO* [32] 12.38 3.54 10.34 66.6 3.61 10.16 67.1105
RoReg* [33] 12.71 3.01 9.26 71.3 3.03 9.28 71.0793
BUFFER¥ |1] 0.92 3.03 9.86 74.4 3.02 9.99 74.770-3
RolITr* |39 10.10 2.95 9.03 75.1 2.97 9.08 75.5T04
PARE-Net* [36] 3.84 2.87 8.83 81.3 2.84 8.71 81.8105
Ours* 9.52 2.92 8.96 83.0 2.88 8.94 83.310:3

Quantitative results. We report the results on 3DMatch and 3DLoMatch
in Table[]] SHReg achieves consistently strong performance on both datasets, es-
pecially on 3DLoMatch where low overlap makes correspondence quality and hy-
pothesis generation more challenging. Compared with rotation-sensitive methods
such as Predator |17] and GeoTransformer [27], SHReg exhibits better robust-
ness under hard cases since it does not rely on extensive rotation augmentation
to approximate invariance. Compared with rotation-invariant/equivariant com-
petitors such as YOHO [32], RoReg [33], RoITr [39], and PARE-Net [36], SHReg
yields improved IR and RR while maintaining high efficiency. This advantage
mainly comes from two aspects: (1) strictly SO(3)-equivariant feature learning
provides stable local structure encoding under arbitrary rotations, and (2) equiv-
ariant features allow transformation hypotheses to be proposed with significantly
reduced hypothesis complexity compared with triplet-based sampling.
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Fig. 4: Qualitative results. Our method can successfully align low-overlapped pairs
with higher IR and PIR (Patch IR). Moreover, GeoTrans and PARE-Net
incorrectly align point clouds with opposite orientations (the first and second rows),
our method successfully addresses this issue because the equivariant features contain
orientation information of local structure, alleviating this ambiguity.

Experiments on the Rotated Dataset. To test robustness against un-
seen rotations, we follow prior works to evaluate all methods on
the rotated 3DLoMatch benchmark, where arbitrary full-range rotations are in-
dependently applied to each fragment of a pair. This setting explicitly tests
whether a method is intrinsically rotation-invariant/equivariant rather than re-
lying on limited coverage of rotation augmentation. The results are shown in
Table Rotation-sensitive methods such as FCGF , Predator , GeoTrans-
former , and PEAL present noticeable performance drops on the rotated
benchmark, indicating that approximate invariance obtained by augmentation
generalizes poorly to unseen rotations. In contrast, SHReg maintains stable per-
formance and even shows slight improvements in TR, demonstrating that strict
equivariance/invariance by design provides reliable robustness under severe pose
variations. Moreover, SHReg surpasses previous rotation-robust methods such
as YOHO , RoReg , RolTr and PARE-Net , suggesting that
spherical-harmonics-based irreps better preserve discriminative structural infor-
mation.

Qualitative results. We present representative registration results in Fig.
SHReg produces more accurate patch-level and point-level correspondences and
successfully aligns challenging fragment pairs with low overlap ratios. We ob-
serve that rotation-sensitive methods such as GeoTransformer may incor-
rectly align scans with opposite orientations under severe pose variations. This
ambiguity typically arises when point-to-point constraints alone are insufficient
to disambiguate local structural symmetries, especially under large rotations.
In contrast, SHReg successfully resolves such flipped alignments. This is be-
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Table 3: Evaluation results on KITTI Odometry.

Method Size(MB) RE (°) TE (cm) TR (%) Time (s)
FCGF |7 8.76 0.30 9.5 96.6 -
D3Feat [4] 14.08 0.30 7.2 99.8 -
Predator |17] 22.77 0.27 6.8 99.8 0.77
SpinNet [2] 141 0.47 9.9 99.1 16.24
CoFiNet [38] 5.48 0.41 8.2 99.8 0.59
GeoTrans |27 25.50 0.23 6.2 99.8 0.26
BUFFER |1 0.92 0.26 7.1 99.8 0.27
PARE-Net [36] 2.08 0.23 4.9 99.8 0.21
Ours 24.82 0.23 4.7 99.8 0.24

cause the learned rotation-equivariant features explicitly encode the orientation
of local geometric structures, allowing our hypothesis proposer to construct con-
sistent local frames from matched correspondences and generate geometrically
valid transformations. Additional qualitative results and failure case analysis are
provided in the Appendix.

4.2 Outdoor Dataset: KITTI Odometry

Dataset. We further evaluate SHReg on the KITTI Odometry dataset |13],
which contains outdoor LiDAR scans captured in urban driving environments.
Following previous works [7}[27,/36], we use sequences 0-5 for training, 67 for
validation, and 8-10 for testing. SHReg is trained on indoor 3DMatch and di-
rectly evaluated on KITTI without fine-tuning, demonstrating its cross-domain
generalization ability.

Metrics. We adopt the standard metrics Rotation Error (RE), Translation
Error (TE), and Transformation Recall (TR). Following [7.27,36], TR is com-
puted with a rotation threshold of 5° and a translation threshold of 2m.

Quantitative results. Quantitative results on KITTI are reported in Ta-
ble 3] On this benchmark, many methods have reached performance satura-
tion, while SHReg achieves highly competitive accuracy with improved efficiency.
These results validate that the proposed strictly equivariant representation can
generalize well from indoor RGB-D scans to outdoor LiDAR scenarios.

4.3 Ablation Study

To better understand the contribution of each component in SHReg, we con-
duct ablation experiments on the 3DMatch and 3DLoMatch benchmarks. The
quantitative results are summarized in Table [4]

Ablation of backbone. We first evaluate a rotation-sensitive baseline back-
bone that does not explicitly enforce rotational equivariance. We then introduce
the key components of the proposed spherical-harmonics-based equivariant back-
bone, including spherical harmonic (SH) directional encoding, Clebsch-Gordan
(CG) projection, gated nonlinearity, and rotation-invariant descriptor readout.
The results show that SH representations consistently improve feature quality. In



14 C. Wang and J. Gao

Table 4: Ablation experiments of SHReg.

Component Method 3DMatch 3DLoMatch
FMR (%1) IR (%1) RR (%1) FMR (%t) IR (%1) RR (%)

Rotation-sensitive baseline (no SH/irreps) 98.0 71.0 93.6 86.7 415 78.2
SH encoding w/o CG projection 98.2 73.5 94.2 87.5 43.5 79.3

Backbone SH + CG, w/o Gate nonlinearity 98.3 75.8 94.7 88.0 45.6 80.1
SH + CG + Gate, w/o invariant readout 97.6 68.0 92.8 84.0 36.5 75.5
Full SHReg backbone 98.5 78.6 95.4 88.6 48.8 82.4
RANSAC (triplet sampling) 98.5 78.6 94.0 88.6 48.8 79.5

Pose Estimator ~LGR / patch-based estimator 98.5 78.6 94.6 88.6 48.8 81.0
Ours (single-correspondence proposer) 98.5 78.6 95.4 88.6 48.8 82.4

particular, removing the invariant readout significantly degrades performance,
since equivariant features still contain orientation-dependent components and are
not directly suitable for correspondence matching. Removing CG projection or
the gating mechanism also leads to noticeable drops, indicating the importance
of valid irrep coupling and stable equivariant nonlinear transformations. The full
SHReg backbone achieves the best performance on both datasets, demonstrating
the effectiveness of strictly SO(3)-equivariant feature learning.

Ablation of pose estimator. We further evaluate different pose estima-
tion strategies using the same correspondence sets, including standard RANSAC
with randomly sampled correspondence triplets, a patch-based estimator similar
to LGR, and our single-correspondence hypothesis proposer. Since all estimators
share identical correspondences, FMR and IR remain unchanged, while RR re-
flects the pose estimation quality. As shown in Table[d] our hypothesis proposer
achieves the highest RR on both datasets, especially on 3DLoMatch. This is
because low-overlap pairs make triplet-based sampling more likely to produce
unstable hypotheses, whereas SHReg constructs transformations directly from
individual correspondences using orientation information encoded in rotation-
equivariant features. This reduces the reliance on extensive random sampling
and improves pose estimation robustness.

5 Conclusion

In this paper, we presented SHReg, a point cloud registration framework built
upon strictly SO(3)-equivariant spherical-harmonic representations. By model-
ing local features as irreducible representations of SO(3), SHReg guarantees con-
sistent feature transformations under arbitrary rotations without relying on local
reference frames or rotation augmentation. The proposed backbone produces
both rotation-invariant descriptors for reliable correspondence matching and
rotation-equivariant features that preserve structural orientation cues. Lever-
aging this property, we introduced a correspondence-driven hypothesis proposer
that estimates rigid transformations directly from individual correspondences,
significantly reducing the hypothesis search space compared with conventional
sampling-based estimators. Extensive experiments on indoor and outdoor bench-
marks demonstrate that SHReg achieves strong registration accuracy and robust-
ness, particularly under large rotational variations.
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