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 A B S T R A C T

Relative rotations between point clouds pose significant challenges for reliable correspondence estimation. 
Although many recent learning-based methods attempt to improve rotation robustness through data augmen-
tation, such strategies cannot adequately cover the continuous SO(3) space, often leading to unstable matching 
performance under unseen orientations. To address this issue, we propose a rotation-robust point cloud registra-
tion framework that integrates a Dynamic Correlation Network (DCN) with a Structure-Aware Point Matching 
(SAPM) module. The proposed DCN builds upon rotation-equivariant features and dynamically models local 
feature correlations through adaptive channel and spatial weighting, enabling consistent correlation modeling 
in a rotation-invariant feature space and alleviating correspondence instability caused by inconsistent feature 
correlations. This design improves the consistency and discriminative power of feature correlation modeling 
under varying rotations. Based on the enhanced features, we further introduce the SAPM module to refine 
patch-level correspondences. SAPM incorporates contextual interactions and enforces bidirectional consistency 
to further mitigate matching instability caused by inconsistent feature correlations. Extensive experiments on 
both indoor (3DMatch, 3DLoMatch) and outdoor (KITTI) benchmarks demonstrate that the proposed method 
achieves superior accuracy and robustness under varying rotations compared to state-of-the-art approaches.
1. Introduction

Accurate registration of partially overlapping 3D point clouds is 
a fundamental task in many real-world applications, including au-
tonomous driving, robotic manipulation, augmented reality, and dig-
ital twin construction. In a typical industrial or digital reconstruction 
pipeline, multiple scans of the same scene are captured from different 
viewpoints using LiDAR or RGB-D sensors. These scans are then aligned 
through a point cloud registration process that estimates the rigid 
transformation between overlapping point sets. Reliable registration is 
essential for downstream tasks such as object reconstruction and scene 
understanding.

A key challenge in point cloud registration lies in maintaining 
consistent feature correlations under varying relative rotations, as in-
consistencies in feature correlations can directly lead to unstable cor-
respondence estimation. Although real-world point clouds often suffer 
from noise and uneven sampling, recent geometry-processing tech-
niques [1–3] help stabilize local neighborhood structures, highlighting 
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the importance of reliable low-level geometry for correspondence esti-
mation. However, even with improved preprocessing, learning-based 
feature extractors often struggle to maintain consistent correlation 
modeling under large rotations.

Classic learning-based point cloud networks such as PointNet [4], 
PointNet++ [5], and PointNeXt [6] extract discriminative representa-
tions but lack inherent rotation robustness. Convolution-based methods 
including PointCNN [7] and PAConv [8] learn spatially adaptive ker-
nels but rely on raw coordinate differences, making them sensitive 
to orientation changes and limiting their robustness under varying 
rotations. Graph-based approaches such as DGCNN [9], GAT [10], and 
adaptive graph convolution [11] effectively model local geometry but 
still depend on static correlation mechanisms that fail to generalize 
across varying geometric configurations.

To improve robustness to rotations, recent registration frameworks 
explore equivariant or invariant neural architectures. Many learning-
based methods also rely on data augmentation to enhance rotation 
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data mining, AI training, and similar technologies. 
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generalization. However, such strategies cannot fully cover the con-
tinuous SO(3) space, often leading to degraded performance when 
encountering unseen rotations. For example, topology-aware trans-
formers such as TopFormer [12] incorporate structural priors into 
attention mechanisms, while semantic-constrained registration meth-
ods like SemReg [13] exploit high-level contextual cues to improve 
pose estimation. Although effective, these approaches do not explicitly 
model consistent feature correlations under rotation, and their feature 
representations may still become unstable across varying orientations.

Motivated by these limitations, we propose a structure-aware point 
cloud registration framework that combines adaptive correlation mod-
eling with efficient contextual reasoning. The network first extracts 
rotation-equivariant point features using a vector-neuron-based en-
coder. Building upon this, we introduce a Dynamic Correlation Net-
work (DCN), which predicts consistent correlation weights in a
rotation-invariant feature space based on local geometric relation-
ships, enabling stable feature correlation modeling across different 
orientations and improving both consistency and discriminative power.

To further enhance matching stability, we introduce a Structure-
Aware Point Matching (SAPM) module. SAPM encodes patch-level 
contextual interactions using linear self-attention and enforces bidirec-
tional matching consistency, thereby mitigating correspondence insta-
bility caused by inconsistent feature correlations.

The main contributions of this work are summarized as follows:
(1) We propose a Dynamic Correlation Network (DCN) that per-

forms adaptive correlation modeling in a rotation-invariant feature 
space, enabling robust and consistent feature correlations under arbi-
trary rotations.

(2) We introduce a lightweight Structure-Aware Point Matching 
(SAPM) module that captures contextual dependencies and enforces 
bidirectional consistency, improving the reliability of fine-grained cor-
respondences.

(3) We integrate the proposed components into a unified coarse-to-
fine registration framework and demonstrate through extensive exper-
iments on 3DMatch, 3DLoMatch, and KITTI that the proposed method 
achieves superior accuracy and robustness compared with recent state-
of-the-art approaches.

2. Related work

2.1. Learning-based point cloud registration

Deep learning has significantly advanced point cloud registration 
by enabling more expressive and robust geometric representations. 
Early point-based networks such as PointNet [4] and PointNet++ [5] 
introduce foundational point-wise and hierarchical feature extraction 
paradigms. These ideas are further developed by PointNeXt [6] with 
improved training strategies and by PointCNN [7], which applies -
transforms to learn point-set canonical ordering.

Graph-based approaches play an essential role in capturing local 
geometric relations. DGCNN [9] constructs dynamic graphs to learn 
edge features, while RGCNN [14] introduces regularization to stabilize 
graph convolution. Attention-based graph operators, including GAC-
Net [15] and GAT [10], enhance neighborhood modeling by learning 
feature-dependent attention weights. Adaptive graph convolution [11] 
and attentive filtering [16] further improve local structure adaptivity.

More recently, several works directly target registration. TopFormer
[12] introduces topology-aware transformer encoding to improve cor-
respondence estimation by leveraging structural priors, demonstrat-
ing the importance of topology-sensitive attention mechanisms. Sem-
Reg [13] integrates semantic constraints into the registration pipeline 
to enhance robustness in complex scenes. Although these advances 
highlight the value of incorporating topology or semantics, they still 
rely on rotation-sensitive feature extractors or do not explicitly learn 
adaptive invariant correlations at the geometric level. In contrast, 
our method introduces a Dynamic Correlation Network (DCN) that 
constructs rotation-invariant and structure-adaptive features directly 
from equivariant representations.
2 
2.2. Transformers in 3D vision

Transformers have become powerful tools for geometric reasoning 
in 3D vision. Point Transformer [17] demonstrates the effectiveness 
of attention-based local aggregation, while PCT [18] and Stratified 
Transformer [19] extend transformer architectures with patch grouping 
and stratified attention. Swin3D [20] applies hierarchical windowed 
attention to large-scale indoor scene understanding. These develop-
ments are inspired by advances in self-attention [21,22], which enable 
expressive modeling of long-range dependencies.

Beyond general 3D perception tasks, transformers have also been ex-
tensively adopted for point cloud registration by modeling cross-cloud 
feature interactions and long-range correspondences. CoFiNet [23] em-
ploys a combination of self-attention and cross-attention for coarse 
feature matching, followed by optimal transport for fine-grained cor-
respondence refinement. GeoTransformer [24] further enhances reg-
istration robustness by introducing rotation-invariant geometric posi-
tional encoding, achieving strong performance and efficiency. Building 
upon this paradigm, subsequent works explore complementary im-
provements, including RoITr [25], which designs a rotation-invariant 
global transformer, and PEAL [26], which explicitly injects overlap 
priors to improve matching in low-overlap scenarios. More recently, 
DFAT [27] adopts double-layer focused attention to further enhance 
correspondence quality.

However, standard attention mechanisms suffer from quadratic 
computational cost and typically rely on descriptors produced by static 
correlation modules. Even topology-aware transformers such as Top-
Former [12] focus primarily on high-level attention design rather than 
local invariant correlation modeling. Our Structure-Aware Point Match-
ing (SAPM) module adopts linear self-attention to efficiently capture 
contextual cues while enforcing mutual matching consistency through 
a row–column masked softmax, complementing DCN for structurally 
coherent registration.

2.3. Convolution-based methods

Convolution-based neural networks have been widely explored for 
3D geometric representation learning. Voxel-based 3D convolutional 
networks such as VoxelNet [28], SECOND [29], and PV-RCNN [30] 
provide strong performance in detection and large-scale perception 
by discretizing point clouds into regular grids. However, voxelization 
inevitably sacrifices fine-grained geometric details, which are critical 
for correspondence-level registration.

Beyond voxel-based formulations, several convolution-based ap-
proaches operate directly on point clouds for registration. FCGF [31] 
employs a sparse 3D convolutional encoder–decoder architecture for 
dense descriptor learning. SpinNet [32] introduces cylindrical convolu-
tions to extract rotation-invariant patch-wise descriptors. Predator [33] 
combines graph convolution and cross-attention to enhance descriptor 
discrimination and overlapping region prediction, achieving robust 
performance in low-overlap scenarios.

Several approaches further exploit group-equivariant representa-
tions, including YOHO [34], RoReg [35], and RoITr [25], which lever-
age group convolution or invariant feature construction to improve ro-
bustness under arbitrary rotations. PARE-Net [36] proposes a position-
aware convolution to better capture unique local geometric patterns 
and jointly learns rotation-equivariant and rotation-invariant represen-
tations through continuous SO(3)-equivariant Vector Neurons.

Although these methods have significantly improved rotational ro-
bustness, they mainly focus on learning rotation-invariant or rotation-
equivariant descriptors. How to maintain stable feature correlations for 
subsequent local feature aggregation and correspondence estimation 
under arbitrary rotations remains insufficiently explored.

3. Methods

Given two point clouds 𝑃 = {𝑝𝑖 ∈ R3 ∣ 𝑖 = 1,… , 𝑁} and 
𝑄 = {𝑞 ∈ R3 ∣ 𝑗 = 1,… ,𝑀}, the objective of rigid registration 
𝑗
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Fig. 1.  Overview of the proposed registration framework. A PAREConv-FPN backbone augmented with a Dynamic Correlation Network extracts rotation-robust 
multi-scale features from input point clouds, yielding coarse superpoints and dense point-level descriptors. Coarse superpoint correspondences define local patches, 
within which the proposed Structure-Aware Point Matching module establishes dense correspondences. Multiple rigid transformation hypotheses are estimated 
from dense correspondences using SVD, and the optimal solution is selected as the final transformation.
is to estimate a transformation 𝑇 = {𝑅, 𝑡}, where 𝑅 ∈ 𝑆𝑂(3) and 
𝑡 ∈ R3, such that 𝑃  is aligned to 𝑄. Our method follows a coarse-to-fine 
paradigm, combining (1) a Dynamic Correlation Network (DCN) for 
geometry-aware, rotation-robust feature extraction, and (2) a Structure-
Aware Point Matching (SAPM) module for context-enhanced dense 
correspondence estimation.

We first use a DCN-enhanced PAREConv-FPN backbone [36] to 
extract multiscale geometric features. The backbone outputs (i) coarse 
superpoints {𝑃 , 𝑄̂} with features {𝐹 𝑃 , 𝐹 𝑄̂}, and (ii) dense point-level 
features {𝐹 𝑃 , 𝐹 𝑄̃} associated with the upsampled points {𝑃 , 𝑄̃}. Su-
perpoints are used to construct coarse correspondences, while SAPM 
refines them by modeling local structural dependencies via linear self-
attention. Each refined patch produces a dense correspondence set, 
and each set yields a transformation hypothesis through SVD-based 
orthogonal Procrustes. Finally, a feature-based hypothesis proposer 
selects the optimal hypothesis 𝑇 = {𝑅, 𝑡} without requiring RANSAC.

In the following subsections, we describe each major component in 
detail.

3.1. Overview

Our approach begins by extracting multiscale features using a DCN-
augmented PAREConv-FPN backbone, where the Dynamic Correla-
tion Network adaptively modulates convolutional kernels based on 
rotation-invariant geometric cues. The backbone produces two types of 
representations:

• Superpoints: coarsely sampled points {𝑃 , 𝑄̂} with features
{𝐹 𝑃 , 𝐹 𝑄̂}, used for coarse-level matching and patch construction.

• Dense features: upsampled points {𝑃 , 𝑄̃} with invariant descrip-
tors {𝐹 𝑃 , 𝐹 𝑄̃}, used for fine-grained correspondence estimation.

Following GeoTransformer-style [24] superpoint matching, each 
matched superpoint pair induces a pair of dense local patches. Within 
each patch, our Structure-Aware Point Matching (SAPM) refines local 
descriptors using linear self-attention and performs robust bidirectional 
softmax matching. Dense correspondences aggregated from all patches 
form a correspondence set  from which multiple rigid transformation 
hypotheses {𝑇𝑖} are computed via SVD. A feature-based hypothesis 
proposer selects the final transformation 𝑇 = {𝑅, 𝑡}. An overview of 
the pipeline is shown in Fig.  1.

3.2. Backbone

We build our backbone upon the PAREConv-FPN framework [36], 
which adopts a vector-neuron (VN) equivariant encoder–decoder archi-
tecture to hierarchically extract geometric features from point clouds. 
3 
In our implementation, the source and target point clouds are con-
catenated and processed jointly through a single backbone network 
in a weight-sharing Siamese manner. Both branches share identical 
parameters during training and inference, ensuring consistent feature 
embedding in a unified representation space.

The encoder follows a multi-stage hierarchical design consisting 
of progressive subsampling and residual PAREConv blocks. At each 
stage, local neighborhoods are constructed via k-nearest neighbors, and 
rotation-equivariant geometric features are aggregated. These features 
include relative offsets, local centroid differences, and cross-product 
directions, which are encoded using vector-neuron layers to preserve 
equivariance under arbitrary 3D rotations. Through successive down-
sampling, the encoder produces a sparse set of high-level points at the 
deepest stage, referred to as superpoints. These superpoints capture 
large-scale structural context with enlarged receptive fields and serve 
as the basis for coarse correspondence estimation.

To address the limited adaptability of fixed correlation model-
ing, we introduce a Dynamic Correlation Network (DCN) to upgrade 
the kernel aggregation mechanism in PAREConv. Unlike conventional 
MLP-based correlation functions with static parameterization, DCN for-
mulates correlation estimation as a dynamic, structure-conditioned pro-
cess. It exploits rotation-invariant descriptors to derive stable geometric 
relationships and incorporates channel-aware reallocation to emphasize 
informative feature dimensions, thereby enabling geometry-adaptive 
and rotation-robust convolution.

At the coarsest level, the superpoint features are transformed into 
rotation-invariant descriptors through a VN standardization layer.
These invariant features are used to establish superpoint-level corre-
spondences and define local patches for subsequent refinement.

The decoder adopts a feature pyramid design with skip connections 
from intermediate encoder stages. By propagating features from coarse 
to fine resolutions, the decoder progressively recovers dense point-
wise representations aligned with the original point cloud. At the final 
decoding stage, both rotation-invariant and rotation-equivariant fea-
tures are produced. The invariant descriptors are used for fine-grained 
correspondence matching, while the equivariant features preserve ori-
entation information for accurate transformation estimation.

Overall, the backbone provides a unified hierarchical representa-
tion that integrates geometry-aware aggregation and rotation robust-
ness. The superpoint features extracted by the backbone are used 
to establish coarse correspondences and define local patches. Dense 
features within each patch are subsequently refined by the Structure-
Aware Point Matching (SAPM) module to obtain accurate point-level 
correspondences.
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3.3. Dynamic Correlation Network (DCN)

3.3.1. Motivation
Local feature extraction is critical for reliable correspondence esti-

mation in point cloud registration. However, under varying relative ro-
tations, maintaining consistent feature correlations within local neigh-
borhoods remains challenging. Many existing convolutional designs 
rely on fixed kernel aggregation, which applies identical correlation 
modeling across different local regions and thus struggles to preserve 
stable relationships between features under varying orientations.

For instance, PAConv [8] improves expressiveness through position-
adaptive kernels, but it depends on raw coordinate differences and re-
mains sensitive to pose variations. PARE-Net [36] introduces rotation-
equivariant vector-neuron (VN) features, yet its correlation modeling 
is realized by a fixed MLP, limiting its ability to maintain consistent 
feature correlations under varying rotations.

To address these limitations, we propose the Dynamic Correlation 
Network (DCN), which focuses on learning consistent and adaptive fea-
ture correlations under rotation. Specifically, DCN leverages rotation-
equivariant features and predicts correlation weights in a rotation-
invariant feature space, enabling adaptive kernel aggregation that pre-
serves consistent feature correlations under rotation.

3.3.2. Rotation-equivariant input encoding
Given a point cloud 𝑃 = {𝑝𝑖 ∈ R3 ∣ 𝑖 = 1,… , 𝑁}, we use a vector 

neuron [37] encoder to extract rotation-equivariant features. To extract 
rotation-equivariant local geometric features, we first calculate the rel-
ative coordinate vector 𝐩𝑖𝑗 between the query point and its neighboring 
points. Subsequently, calculate the average direction vector of this local 
neighborhood.

To encode local geometric orientation cues, we further compute the 
cross product 𝐯𝑖𝑗 between 𝐩𝑖𝑗 and 𝐩̄𝑖. Finally, we concatenate these 
features to represent the local spatial structure: 

𝐱𝑗 = [𝐩𝑖𝑗 = 𝐩𝑗 − 𝐩𝑖,
1

|𝑖|

∑

𝑗
𝐩𝑖𝑗 , 𝐯𝑖𝑗 ] ∈ R𝑑×3, 𝐗𝑗 = VN(𝐱𝑗 ). (1)

where 𝑖 is the K-nearest neighbor set of the point 𝐩𝑖. To construct 
rotation-invariant correlation descriptors, we take the magnitude of VN 
features: 

𝐗̃𝑗 = ‖𝐗𝑗‖2, (2)

ensuring that orientation information is removed while geometric struc-
ture is preserved.

3.3.3. Channel Reallocation Network
Inspired by recent channel-aware architectures (MogaNet [38]), we 

introduce a Channel Reallocation Network as a core component of 
DCN. Instead of directly regressing correlation scores with a static MLP, 
Channel reallocation network performs data-dependent channel-wise 
reallocation, allowing the network to adaptively emphasize geometry-
relevant feature channels when constructing local correlations. Fixed 
MLP-based correlation modeling applies the same channel mixing to 
all local neighborhoods. By contrast, the channel reallocation net-
work enables input-adaptive channel competition. This results in more 
discriminative and structure-aware correlation embeddings.

As illustrated in Fig.  1, the channel reallocation network can be 
summarized as 
𝐔 = GELU

(

DWConv3×3
(

Conv1×1
(

𝐗̃𝑗
)))

,

𝐙 = Conv1×1(CA(𝐔)) + 𝐗̃𝑗 ,
(3)

where 𝐗̃𝑗 denotes the input rotation-invariant descriptor, DWConv is a 
depthwise convolution operating independently on each channel, and 
the residual connection preserves the original feature responses.
4 
Fig. 2.  Workflow of dynamic kernel assembly for point cloud convolution. Let 
𝑖 denote the neighborhood of the center point 𝐩𝑖, containing 𝑁𝑖 neighboring 
points. The workflow consists of four key components: (1) a learnable kernel 
bank {𝐖𝑙}𝐿𝑙=1, (2) an 𝑁𝑖 × 𝐿 Softmax-normalized correlation score matrix, 
(3) dynamically assembled kernels {𝑔(𝐩𝑖1),… , 𝑔(𝐩𝑖𝑁𝑖

)}, and (4) neighborhood 
features {𝐅𝑗}. The dynamic kernel associated with the 𝑗th neighbor is defined 
as 𝑔(𝐩𝑖𝑗 ) = ∑𝐿

𝑙=1 𝛾𝑗𝑙𝐖𝑙, where 𝛾𝑗𝑙 denotes the correlation score between the 𝑗th 
neighbor and the 𝑙th kernel basis.

The core operation CA(⋅) does not compute explicit attention
weights. Instead, it redistributes channel responses by decomposing 
features into shared and complementary components: 

CA(𝐔) = 𝐔 + 𝜸𝑐 ⊙
(

𝐔 − GELU(𝐔𝐖𝑟)
)

. (4)

where 𝐖𝑟 is a channel-reducing projection and 𝜸𝑐 is a channel-learning 
scaling factor, initialized with small values for stable optimization.

The projection 𝐔𝐖𝑟 captures the shared response across channels, 
while the residual term (𝐔 − GELU(𝐔𝐖𝑟)) represents complementary 
channel-specific information. By scaling and reinjecting this residual, 
the channel reallocation network implicitly induces channel compe-
tition, encouraging discriminative channels to be emphasized while 
suppressing redundant responses.

3.3.4. Dynamic Correlation Computation
Given a set of learnable kernel matrices {𝐖𝑙 ∣ 𝑙 = 1,… , 𝐿} and a 

set of point features 𝐅 = {𝐅𝑗 ∈ R𝐶}, DCN first calculates point-wise 
correlation scores via Softmax normalization: 
𝛾𝑗 = Sof tmax(𝐙), (5)

where 𝜸𝑗 ∈ R𝐿 stacks the correlation weights {𝛾𝑗𝑙}𝐿𝑙=1 associated with 
the 𝑗th neighboring point, and all correlation weights form an 𝑁𝑖 × 𝐿
correlation score matrix as illustrated in Fig.  2.

The resulting correlation scores are subsequently used to aggregate 
local neighborhood features: 

(𝐅 ∗ 𝑔)(𝐩𝑖) =
∑

𝐩𝑗∈𝑖

𝐿
∑

𝑙=1
𝛾𝑗𝑙 𝐖𝑙𝐅𝑗 . (6)

The resulting output feature is rotation-equivariant. This property 
follows from two observations: (i) the correlation scores 𝜸𝑗 are com-
puted exclusively from rotation-invariant descriptors, and therefore 
remain unchanged under global rotations; and (ii) the aggregation in 
Eq. (6) consists of scalar-weighted linear combinations of rotation-
equivariant features, which preserves equivariance. As a result, DCN 
ensures that kernel selection is rotation-invariant, while the aggregated 
features consistently transform under rotations.
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Fig. 3. Visualization of dense correspondences and matching behavior. (a) Illustration of potential mismatches among points within a superpoint pair. (b) Dense 
correspondences without SAPM, where inconsistent matches frequently occur. (c) Dense correspondences with SAPM, where correspondences become more 
coherent and stable due to enhanced contextual modeling.
3.4. Structure-Aware Point Matching (SAPM)

3.4.1. Motivation
After coarse-level superpoint matching, each matched superpoint 

pair (𝐩̂𝑥𝑖 , 𝐪̂𝑦𝑖 ) defines two local dense patches, 𝑥𝑖 ⊂ ̃ and 𝑦𝑖 ⊂ ̃, 
which are formed by neighboring points at the first downsampling 
level. Although the backbone network provides rotation-invariant point 
descriptors, establishing reliable correspondences at the patch level 
remains challenging.

As illustrated in Fig.  3(a), even within a correctly matched super-
point pair, point-wise correspondences may still be erroneous, leading 
to unstable correspondence estimation.

A widely adopted paradigm constructs a pairwise similarity matrix 
using point-wise descriptors and enforces matching constraints via 
optimal transport with Sinkhorn normalization. While effective, these 
approaches primarily rely on raw feature similarity and iterative nor-
malization, without explicitly modeling contextual relationships within 
local patches. As a result, they may still produce inconsistent correspon-
dences, as shown in Fig.  3(b).

To address these limitations, we propose the Structure-Aware Point 
Matching (SAPM) module, which reformulates correspondence estima-
tion through contextual encoding and direct consistency enforcement. 
Specifically, a linear self-attention operator is employed to capture 
patch-level contextual interactions, allowing point descriptors to be 
refined based on their local neighborhoods. In this way, each point is 
represented not only by its own features, but also by its surrounding 
contextual information.

Instead of relying on optimal transport, SAPM enforces matching 
consistency through a row- and column-wise softmax with element-
wise fusion, providing a direct and efficient alternative to iterative 
normalization. Furthermore, a predefined validity mask is incorporated 
into the softmax operation to filter out invalid points, and per-point 
confidence weighting is introduced to suppress unreliable correspon-
dences. As shown in Fig.  3(c), incorporating SAPM leads to more 
accurate and stable correspondences.

3.4.2. Preliminaries
Given a matched superpoint pair (𝐩̂𝑥𝑖 , 𝐪̂𝑦𝑖 ), we extract their associ-

ated local point patches by selecting the 𝐾-nearest neighbor points:
𝑥𝑖 = {𝐩̃𝑥𝑖 ,1,… , 𝐩̃𝑥𝑖 ,𝐾} ⊂ ̃ , 𝑦𝑖 = {𝐪̃𝑦𝑖 ,1,… , 𝐪̃𝑦𝑖 ,𝐾} ⊂ ̃,

where 𝐾 is a fixed patch size.
To ensure the locality of each patch, we verify whether each neigh-

bor point actually belongs to the local region represented by its corre-
sponding superpoint. Specifically, we construct binary validity masks 
𝐌

𝑥𝑖
,𝐌

𝑦𝑖
∈ {0, 1}𝐾 , where 𝐌

𝑥𝑖
[𝑘] = 1 indicates that point 𝐩̃𝑥𝑖 ,𝑘 is closer 

to superpoint 𝐩̂𝑥𝑖  than to any other superpoint, and thus belongs to its 
local patch; otherwise, it is considered an outlier from adjacent regions.

Let 𝑛𝑖 =
∑𝐾

𝑘=1 𝐌

𝑥𝑖
[𝑘] and 𝑚𝑖 =

∑𝐾
𝑘=1 𝐌


𝑦𝑖
[𝑘] denote the number of 

valid points in each patch. The feature matrices of the patches are:
𝐅 ∈ R𝐾×𝐶 , 𝐅 ∈ R𝐾×𝐶 .
𝑥𝑖 𝑦𝑖

5 
Fig. 4. Architecture of the proposed linear self-attention module. Query and 
key features are transformed by the ELU-based feature map 𝛷(⋅) = ELU(⋅) + 1, 
while validity masks are applied to the key and value branches. The context 
matrix is computed as 𝐂 = 𝐊̃⊤𝐕̃, followed by attention aggregation 𝐐̃𝐂∕

√

𝑑, 
residual addition, and LayerNorm.

The objective of SAPM is to compute a dense matching confidence 
matrix 𝐏𝑖 ∈ R𝐾×𝐾 that yields reliable point-level correspondences 
between the valid points of 𝑥𝑖  and 


𝑦𝑖
.

3.4.3. Linear self-attention for structure-aware feature enhancement
To encode patch context with linear complexity, we apply an ELU-

kernelized linear self-attention operator independently to each patch 
Fig.  4 shows the linear self-attention. For the 𝑖th superpoint correspon-
dence, we process the patches 𝑥𝑖  and 


𝑦𝑖
 separately.

We first project the input features into query, key, and value spaces: 

𝐐
𝑖 = 𝐅

𝑥𝑖
𝐖⊤

𝑄, 𝐊
𝑖 = 𝐅

𝑥𝑖
𝐖⊤

𝐾 , 𝐕
𝑖 = 𝐅

𝑥𝑖
𝐖⊤

𝑉 , (7)

where 𝐖𝑄,𝐖𝐾 ,𝐖𝑉 ∈ R𝑑×𝐶 are learnable weight matrices. We employ 
the ELU activation as a feature map to ensure non-negativity and 
numerical stability: 
𝛷(𝐗) = ELU(𝐗) + 1. (8)

To exclude invalid points from context aggregation, we multiply the 
key and value matrices by the validity mask 𝐌

𝑥𝑖
, broadcasting along 

the feature dimension: 
𝐊̃

𝑖 = 𝛷(𝐊
𝑖 )⊙𝐌

𝑥𝑖
, 𝐕̃

𝑖 = 𝐕
𝑖 ⊙𝐌

𝑥𝑖
. (9)

Similarly, we compute 𝐐̃ = 𝛷(𝐐 ) without masking.
𝑖 𝑖



L. Lu et al.

̃

Computers & Graphics 138 (2026) 104672 
The linear self-attention aggregates contextual information via ker-
nel trick with linear complexity: 
𝐂
𝑖 = (𝐊̃

𝑖 )
⊤𝐕̃

𝑖 ∈ R𝑑×𝑑 ,

𝐅̃
𝑥𝑖

= LN

(

𝐅
𝑥𝑖
+ 1

√

𝑑
𝐐̃

𝑖 𝐂

𝑖

)

.
(10)

where LN(⋅) denotes channel-wise layer normalization. The matrix 
product 𝐂

𝑖  is computed once per patch with (𝐾𝑑2) complexity, 
avoiding the quadratic (𝐾2) cost of standard attention. The same 
operation is applied to 𝐅

𝑦𝑖
 to obtain ̃𝐅

𝑦𝑖
.

The input features 𝐅
𝑥𝑖
 and 𝐅

𝑦𝑖
 are rotation-invariant due to the 

design of the backbone network. All subsequent operations including 
linear projections, the 𝛷 mapping, matrix multiplication, layer nor-
malization, and residual addition operate solely on these invariant 
descriptors. Consequently, the enhanced features 𝐅̃

𝑥𝑖
 and 𝐅̃

𝑦𝑖
 preserve 

rotation invariance.

3.4.4. Shared projection and cross-patch similarity
We project the enhanced patch features into a shared metric space 

using a learnable projection matrix 𝐖𝑃 ∈ R𝑑×𝐶 :

𝐇
𝑥𝑖

= 𝐅̃
𝑥𝑖
𝐖⊤

𝑃 ∈ R𝑛𝑖×𝑑 , 𝐇
𝑦𝑖
= 𝐅̃

𝑦𝑖
𝐖⊤

𝑃 ∈ R𝑚𝑖×𝑑 .

The similarity between points in the two patches is computed via scaled 
dot-product: 

𝐒𝑖 =
𝐇

𝑥𝑖

(

𝐇
𝑦𝑖

)⊤

√

𝑑
∈ R𝑛𝑖×𝑚𝑖 . (11)

3.4.5. Row–column masked softmax matching
To enforce mutual consistency and handle visibility variations, 

we perform row–column masked softmax normalization. Let 
𝑥𝑖

=
diag(𝐌

𝑥𝑖
) and 

𝑦𝑖
= diag(𝐌

𝑦𝑖
) be diagonal matrices derived from the 

visibility masks. The bidirectional softmax probabilities are computed 
as: 
𝐒̃(𝑟)𝑖 = Sof tmaxrow

(

𝐒𝑖 + log
𝑦𝑖

)

,

𝐒(𝑐)𝑖 = Sof tmaxcol
(

𝐒𝑖 + log
𝑥𝑖

)

.
(12)

where the log-mask assigns −∞ to padded entries, effectively excluding 
them from normalization.

We fuse the bidirectional probabilities and incorporate per-point 
confidence scores 𝐬𝑥𝑖  and 𝐬


𝑦𝑖
 to obtain the final correspondence matrix: 

𝐏𝑖 = 𝐒̃(𝑟)𝑖 ⊙
(

𝐒̃(𝑐)𝑖

)⊤
⊙
(

𝐬𝑥𝑖
(

𝐬𝑦𝑖
)⊤

)

. (13)

where ⊙ denotes element-wise multiplication, and the confidence 
scores are broadcast via outer product.

Dense correspondences are extracted by selecting high-confidence 
entries from 𝐏𝑖. We employ mutual top-𝑘 selection, where a point pair 
(𝐩̃𝑥𝑖 ,𝑎, 𝐪̃𝑦𝑖 ,𝑏) is selected if (𝑎, 𝑏) is among the 𝑘 largest entries in both its 
row and column of 𝐏𝑖: 

𝑖 =
{(

𝐩̃𝑥𝑖 ,𝑎, 𝐪̃𝑦𝑖 ,𝑏
)

∣ (𝑎, 𝑏) ∈ mutual _ topk
(

𝐏𝑖
)

}

. (14)

The union of all patch-level correspondences forms the global dense 
correspondence set:  =

⋃𝑁𝑐
𝑖=1 𝑖, where 𝑁𝑐 is the number of matched 

superpoint pairs.
Unlike conventional optimal transport (OT)-based correspondence 

estimation methods [24,27], SAPM incorporates a local contextual 
refinement stage prior to correspondence computation. Specifically, 
linear self-attention is employed within each local patch to enhance in-
teractions among neighboring point features. In addition, bidirectional 
matching consistency is enforced through a row–column masked dual-
softmax formulation, which avoids iterative Sinkhorn normalization 
and naturally handles invalid points through masking operations.
6 
The role of attention in SAPM also differs from that of transformer-
based correspondence modeling approaches [23,25,33,39]. Rather than 
using cross-attention to directly establish inter-cloud correspondences, 
SAPM applies lightweight self-attention only within local patches for 
feature refinement. Correspondence estimation is subsequently per-
formed through the dual-softmax matching process. Furthermore,
coarse-level superpoint matching confidence is explicitly propagated 
to point-level correspondence estimation, strengthening the interaction 
between coarse and fine matching stages.

The key design rationale of SAPM is to shift fine-level matching from 
purely pairwise descriptor comparison to context-aware local patch 
matching. Unlike OT-based methods that regularize a pre-computed 
similarity matrix, SAPM first refines point descriptors using intra-
patch structural context and then applies deterministic bidirectional 
consistency. Therefore, SAPM changes where structural information 
is introduced in the matching pipeline, rather than merely replacing 
Sinkhorn normalization with another normalization strategy.

Therefore, the contribution of SAPM lies not in introducing a new 
attention operator or a new matching formulation individually, but 
in the unified integration of local contextual refinement, determinis-
tic bidirectional matching, and coarse-to-fine confidence propagation 
within a lightweight correspondence estimation framework.

3.5. Loss function

To train the proposed network in a stable and effective manner, 
we employ three complementary loss terms,  = 𝑐 + 𝑓 + 𝑟,
which supervise the model from the aspects of superpoint alignment, 
point-level correspondence, and rotation modeling.

Point matching loss 𝑓
Since fine-level matching is performed only within superpoint pairs, 

inaccurate coarse associations may result in insufficient supervisory 
signals. To alleviate this issue during training, we generate positive 
superpoint correspondences using the ground-truth transformation. For 
each paired region 𝑥𝑖  and 


𝑦𝑖
, we determine the set of correct point 

correspondences ∗
𝑖  whose spatial discrepancy is below a predefined 

radius 𝑑𝑝. Points that do not match any partner are collected into two 
sets, 𝑖 and 𝑖.

Given the soft assignment matrix 𝑖 and the predicted saliency 
scores 𝜎𝑥𝑖  and 𝜎


𝑦𝑖
,the loss at the 𝑖th superpoint pair is defined as: 

𝑓𝑖 = − 1
|∗

𝑖 |

∑

(𝑥𝑖 ,𝑦𝑖)∈∗𝑖

log𝑥𝑖 ,𝑦𝑖 −
1

2|𝑖|
∑

𝑥𝑖∈𝑖

log(1 − 𝜎𝑥𝑖 )

− 1
2|𝑖|

∑

𝑦𝑖∈𝑖

log(1 − 𝜎𝑦𝑖 ).
(15)

The full point matching loss is obtained by summing over all 
patches: 𝑓 =

∑

𝑖 𝑓𝑖 .

Contrastive rotation loss 𝑟
Although rotation-related geometric information is encoded in

equivariant features, such representations may still degrade when data 
are affected by missing regions, noise, or aggressive downsampling. 
To reinforce robustness, we formulate a contrastive loss that explicitly 
encourages consistent equivariant features for valid matches while 
pushing apart features of mismatched point pairs.

For each positive pair in ∗
𝑖  and each channel 𝑐, we enforce prox-

imity after rotating the feature according to the ground-truth rotation 
matrix 𝐑𝑔𝑡. Similarly, negative pairs̄𝑖(with spatial distance exceeding 
𝑑𝑛) are required to maintain a sufficiently large separation. 

𝑟𝑖 =
1

|∗
𝑖 | 𝑑

∑

(𝑥𝑖 ,𝑦𝑖)∈∗𝑖

𝑑
∑

𝑐=1

[

‖𝐅̃
𝑥𝑖 ,𝑐

𝐑T
𝑔𝑡 − 𝐅̃

𝑦𝑖 ,𝑐
‖

2
2 − 𝛼

]

+

+ 1
|̄𝑖| 𝑑

∑

(𝑥𝑖 ,𝑦𝑖)∈̄𝑖

𝑑
∑

𝑐=1

[

𝛽 − ‖𝐅̃
𝑥𝑖 ,𝑐

𝐑T
𝑔𝑡 − 𝐅̃

𝑦𝑖 ,𝑐
‖

2
2

]

+
.

(16)

where 𝛼 = 0.1 and 𝛽 = 1.4 are margins for positive and negative 
constraints respectively, and [⋅]  denotes the ReLU operator.
+
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Overlap-aware circle loss 𝑐
To supervise superpoint descriptors, we extend the classical triplet-

based circle loss by incorporating overlap awareness. Superpoint pairs 
with more than 10% overlap are regarded as positives, while those 
below this ratio are treated as negatives. The overlap ratio influences 
the weight assigned to each term, enabling the learned representation 
to better distinguish spatially coherent regions.

For a superpoint 𝑝̂𝑖 from cloud 𝑃 , the loss is expressed as: 

𝑃
𝑐 = 1

||

∑

𝑝̂𝑖∈
log

⎡

⎢

⎢

⎣

1 +
∑

𝑞𝑗∈𝜉𝑖𝑝

𝑒𝜆
𝑗
𝑖 𝛽

𝑖,𝑗
𝑝 (𝑑𝑗𝑖 −𝛥𝑝)⋅

∑

𝑞𝑘∈𝜉𝑖𝑛

𝑒𝛽
𝑖,𝑘
𝑛 (𝛥𝑛−𝑑𝑘𝑖 )

⎤

⎥

⎥

⎦

. (17)

with 𝑑𝑗𝑖 = ‖𝑝̂𝑖 − 𝑞𝑗‖2,positive set 𝜉𝑖𝑝, negative set 𝜉𝑖𝑛, and overlap factor 
𝜆𝑗𝑖 = (𝑜𝑗𝑖 )

1∕2. The weighting coefficients follow𝛽𝑖,𝑗𝑝 = 𝛾(𝑑𝑗𝑖 − 𝛥𝑝) and 
𝛽𝑖,𝑘𝑛 = 𝛾(𝛥𝑛 − 𝑑𝑘𝑖 ),where 𝛥𝑝 = 0.1 and 𝛥𝑛 = 1.4.

A symmetric loss is computed for 𝑄̂, and the final overlap-aware 
loss is obtained by averaging: 
𝑐 = (𝑃

𝑐 + 𝑄
𝑐 )∕2. (18)

4. Experiments

4.1. Implementation details

All experiments are implemented in PyTorch and conducted on 
a workstation equipped with an Intel Xeon Gold 5218 CPU and an 
NVIDIA RTX 4090 GPU. Our network is trained separately on the 
3DMatch and KITTI datasets following the standard protocols. The 
Adam optimizer is adopted with an initial learning rate of 1× 10−4 and 
a weight decay of 1 × 10−6. The learning rate is decayed by a factor 
of 0.95 every epoch on 3DMatch and every four epochs on KITTI. We 
train the model for 40 epochs on 3DMatch and 100 epochs on KITTI, 
with a batch size of 1 for both datasets.

During training, we apply the same data augmentation strategies as 
widely adopted in prior works, including random rotations in [0, 2𝜋], 
Gaussian noise injection, random cropping, and dataset-specific scaling 
or translation (see Table  1 for full details). Point clouds are voxelized 
with a voxel size of 0.025m on 3DMatch and 0.3m on KITTI.

For neighborhood construction, we use 35 nearest neighbors for 
all convolution layers. The number of dynamic kernel matrices in the 
correlation network is set to 4. Following a coarse-to-fine paradigm, 
we sample 𝑁𝑐 = 256 coarse superpoint correspondences for coarse 
matching and retain 𝑁𝑓 = 1000 fine correspondences for transforma-
tion estimation. The acceptance radii for correspondence supervision 
are set to 𝜏𝑑 = 0.1m for 3DMatch and 0.6m for KITTI.

A summary of all hyperparameters and dataset-specific configura-
tions is provided in Table  1.

4.2. Performance on outdoor dataset

Dataset. The KITTI dataset [40] is a widely used large-scale out-
door benchmark for evaluating point cloud registration systems in 
autonomous driving scenarios. Following the official protocol, we adopt 
sequences 0–5 for training, sequence 7 for validation, and sequences 
8–10 for testing. Due to inaccuracies introduced by GPS-based pose an-
notations, we follow common practice and refine the provided ground-
truth poses using an additional ICP alignment [41] to obtain more 
reliable reference transformations.

Evaluation Metrics. Consistent with standard practice in prior 
works [24], three quantitative criteria are used to assess registration 
quality: relative rotation error (RRE), relative translation error (RTE), 
and registration recall (RR). Formal definitions can be found in [31].

The relative rotation error computes the angular discrepancy be-
tween the estimated rotation matrix and the reference one: 

RRE = arccos
(

trace(𝐑⊤𝐑̄) − 1
)

. (19)

2

7 
Table 1
Detailed configurations of our method.
 Configuration category 3DMatch KITTI  
 Training settings
 Batch Size 1 1  
 Initial Learning Rate 10−4 10−4  
 Epoch 40 100  
 Weight Decay 10−6 10−6  
 Learning Rate Decay 0.95 0.95  
 Decay Step 1 4  
 Data augmentation
 Voxel Size 0.025 m 0.3 m  
 Gaussian Noise 0.005 m 0.01 m  
 Rotation Range 2𝜋 2𝜋  
 Scale Range None [0.8, 1.1] 
 Translation Range None 2 m  
 Crop Ratio 0.3 0.3  
 Network parameters
 Number of Nearest Neighbors 35 35  
 Number of Weight Matrices 4 4  
 Number of Coarse Correspondences 𝑁𝑐 256 256  
 Number of Fine Correspondences 𝑁𝑓 1K 1K  
 Acceptance Radius 𝜏𝑑 0.1 m 0.6 m  

Table 2
Evaluation results on KITTI. Best and second-best results are highlighted in 
bold and underlined, respectively.
 Model Publication RTE (cm) RRE (◦) RR (%) 
 3DFeat-Net ECCV 2018 [44] 25.9 0.25 96.0  
 FCGF ICCV 2019 [31] 9.5 0.30 96.6  
 D3Feat CVPR 2020 [42] 7.2 0.30 99.8  
 SpinNet CVPR 2021 [32] 9.9 0.47 99.1  
 Predator CVPR 2021 [33] 6.8 0.27 99.8  
 CoFiNet NeurIPS 2021 [23] 8.2 0.41 99.8  
 GeoTransformer CVPR 2022 [24] 6.8 0.24 99.8  
 BUFFER CVPR 2023 [45] 7.1 0.26 99.8  
 PEAL CVPR 2023 [26] 6.8 0.23 99.8  
 DCATr CVPR 2024 [46] 6.6 0.22 99.7  
 PARENet ECCV 2024 [36] 5.4 0.24 99.8  
 CAST NeurIPS 2024 [39] 2.5 0.27 100.0  
 PTT IEEE TCSVT 2025 [47] 6.3 0.23 99.8  
 UGP CVPR 2025 [48] 7.1 0.24 99.8  
 Ours – 4.8 0.21 99.8  

The relative translation error measures the Euclidean distance be-
tween predicted translation and its ground-truth counterpart: 

RTE = ‖𝐭 − 𝐭̄‖2. (20)

On KITTI, registration recall is defined as the proportion of point 
cloud pairs whose estimated transformation falls within pre-defined 
accuracy thresholds, specifically RRE < 5◦ and RTE < 2 m: 

RR = 1
𝑀

𝑀
∑

𝑖=1
I
[

RRE𝑖 < 5◦ ∧ RTE𝑖 < 2 m]

. (21)

Following conventional evaluation protocols [23,31,33,42,43], the 
mean RRE and mean RTE are reported only over the subset of suc-
cessfully aligned pairs, i.e., those counted as correct registrations under 
KITTI’s recall criterion.

Results: We evaluate our method on the KITTI odometry bench-
mark and compare it with recent learning-based registration app-
roaches, including 3DFeat-Net [44], FCGF [31], D3Feat [42], Spin-
Net [32], Predator [33], CoFiNet [23], GeoTransformer [24],
BUFFER [45], PEAL [26], DCATr [46], PARENet [36], CAST [39], 
PPT [47], and UGP [48] . The quantitative results are reported in Table 
2.

Our method achieves competitive and well-balanced performance 
across all metrics, with an RTE of 4.8 cm, an RRE of 0.21◦, and an RR 
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Fig. 5. Visualization results comparison of point cloud registration by various methods on the KITTI odometry dataset.
of 99.8%. In particular, our method attains the lowest rotation error 
among all compared approaches.

We note that RTE and RRE reflect different aspects of registra-
tion quality, and improvements in one metric do not necessarily im-
ply improvements in the other. For example, methods such as CAST 
achieve lower RTE by emphasizing global consistency, while rotation 
estimation is more sensitive to rotational variations.

In contrast, our method explicitly promotes consistent feature cor-
relation modeling under varying rotations. The proposed Dynamic Cor-
relation Network constructs correlation weights in a rotation-invariant 
feature space, reducing inconsistencies caused by orientation changes. 
In addition, the Structure-Aware Point Matching module stabilizes 
correspondence estimation by enforcing consistency in local feature 
interactions.

As a result, our method achieves more stable rotation estimation, as 
reflected by the lowest RRE, while maintaining competitive translation 
accuracy. Qualitative results are shown in Fig.  5.

4.3. Performance on indoor dataset

Dataset. The 3DMatch benchmark [49] is a widely used indoor 
dataset for evaluating geometric registration approaches and consists 
of 62 reconstructed indoor environments. Following the standard data 
division adopted in [24,49], we employ 46 scenes for training, 8 for 
validation, and the remaining 8 for testing. All methods are assessed 
under two commonly used evaluation protocols: 3DMatch and 3DLo-
Match. The former contains point cloud pairs with more than 30% 
spatial overlap, whereas the latter focuses on more challenging cases in 
which the shared region between two scans lies within the 10%–30% 
interval.

Evaluation Metrics. To measure registration accuracy, we report 
the Registration Recall (RR), defined as the percentage of scan pairs 
for which the estimated rigid motion falls within the prescribed tol-
erance. A pair is considered successfully aligned when the root mean 
squared error (RMSE) between transformed source points and their 
ground-truth counterparts is below 0.2m. Given a set of ground-truth 
correspondences ∗ = {(𝐩∗𝑥𝑖 ,𝐪

∗
𝑦𝑖
)}, the RMSE is calculated as: 

RMSE =
√

√

√

√

1
|∗

|

∑

(𝐩∗𝑥𝑖 ,𝐪
∗
𝑦𝑖 )∈

∗

‖

‖

‖

𝐓𝐏→𝐐(𝐩∗𝑥𝑖 ) − 𝐪∗𝑦𝑖
‖

‖

‖

2

2
. (22)

Registration Recall is then defined as: 

RR = 1
𝑀

𝑀
∑

𝑖=1
I
[

RMSE𝑖 < 0.2 m]

, (23)

where 𝑀 denotes the total number of evaluation pairs and I[⋅] is the 
indicator function.

To validate the robustness of various algorithms against arbitrary 
rotational perturbations, we follow the evaluation protocol established 
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Table 3
Evaluation results on 3DMatch and 3DLoMatch. Best and second-best results 
are highlighted in bold and underlined, respectively.
 Model Estimator Samples RR(%)

 3DMatch 3DLoMatch 
 FCGF [31] RANSAC 5000 85.1 40.1  
 D3Feat [42] RANSAC 5000 81.6 37.2  
 SpinNet [32] RANSAC 5000 88.6 59.8  
 Predator [33] RANSAC 5000 89.0 59.8  
 CoFiNet [23] RANSAC 5000 89.3 67.5  
 RIGA [50] RANSAC 5000 89.3 65.1  
 RoITr [25] RANSAC 5000 91.9 74.7  
 RoReg [35] RANSAC 5000 92.9 70.3  
 BUFFER [45] RANSAC 5000 92.9 71.8  
 CAST [39] RANSAC – 95.2 75.1  
 Cross-PCR [51] RANSAC 5000 94.5 73.7  
 BUFFER-X [52] RANSAC 5000 95.6 74.2  
 Ours RANSAC 5000 95.2 79.3  
 GeoTrans [24] LGR all 91.5 74.0  
 PEAL [26] LGR all 94.2 78.8  
 DCATr [46] LGR all 92.1 75.7  
 DFAT [27] LGR all 94.9 76.8  
 Ours LGR all 95.0 78.9  
 PARENet [36] FHP all 94.9 79.3  
 Ours FHP all 95.4 79.6  

in prior works [35] and adopt Transformation Recall (TR) as the 
quantitative metric for registration performance. Specifically, TR is 
defined as the proportion of successfully registered point cloud pairs 
across the entire test set, where a pair is considered valid only if both 
its Relative Rotation Error (RRE) and Relative Translation Error (RTE) 
fall below the pre-specified thresholds: 

TR = 1
𝑀

𝑀
∑

𝑖=1
I
[

RRE𝑖 < 15◦ ∧ RTE𝑖 < 0.3 m]

. (24)

Results:
We further evaluate our method on the 3DMatch and 3DLoMatch 

benchmarks, which correspond to indoor registration scenarios with 
overlap ratios greater than 30% and between 10% ∼ 30%, respectively.

To ensure a fair comparison, we categorize the evaluated methods 
into two groups: (1) methods using RANSAC for pose estimation [23,25,
31–33,35,39,42,45,50–52]. (2) methods adopting learning-based esti-
mators, including Local-to-Global Registration (LGR) [24,26,27,46] and 
Feature-based Hypothesis Proposer (FHP) [36]. The Registration Recall 
(RR) results are reported in Table  3.

In the standard 3DMatch benchmark (overlap > 30%), our method 
achieves an RR of 95.4%, showing competitive performance among 
both RANSAC-based and learning-based approaches. It performs com-
parably to the best RANSAC-based method BUFFER-X (95.6%) and 
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Fig. 6. Visualization results comparison of point cloud registration by various methods on the 3DMatch and 3DLoMatch datasets.
Table 4
Quantitative comparison on 3DLoMatch and its rotated counterpart. The change in TR after applying random 
rotations is reported as a superscript for each entry, enabling a direct comparison of sensitivity to rotational 
perturbations. Methods incorporating rotation-invariant or equivariant designs are indicated by a ∗ symbol.
 Method 3DLoMatch Rotated 3DLoMatch
 RRE (◦ ↓) RTE (cm ↓) TR (% ↑) RRE (◦ ↓) RTE (cm ↓) TR (% ↑) 
 FCGF [31] 4.84 12.87 39.6 4.74 13.39 24.5 −15.1  
 PREDATOR [33] 3.61 10.65 65.6 3.55 10.30 64.0 −1.6  
 GeoTrans [24] 2.91 8.71 75.4 2.94 8.85 72.6 −2.8  
 PEAL [26] 2.84 8.64 81.2 2.86 8.53 78.7 −2.5  
 YOHO∗ [34] 3.54 10.34 66.6 3.61 10.16 67.1 +0.5  
 RoITR∗ [25] 2.95 9.03 75.1 2.97 9.08 75.5 +0.4  
 PARENet∗ [36] 2.87 8.83 81.3 2.84 8.71 81.8 +0.5  
 Ours∗ 2.78 8.65 82.3 2.75 8.53 82.7 +0.4  
slightly improves over recent learning-based estimators such as DFAT 
(94.9%) and PARENet (94.9%).

In the more challenging 3DLoMatch benchmark (overlap 10%–30%), 
our method achieves an RR of 79.6%, which ranks the best among 
all compared methods. Compared to representative approaches such 
as DFAT (76.8%) and PEAL (78.8%), our method shows consistent 
improvements under low-overlap conditions.

We also observe that while methods such as BUFFER-X achieve 
strong performance on 3DMatch, their performance degrades on 3DLo-
Match, indicating sensitivity to reduced overlap. In contrast, our
method maintains stable performance across both benchmarks.

This robustness can be attributed to the proposed Dynamic Cor-
relation Network and Structure-Aware Point Matching, which enforce 
consistent feature correlation modeling across varying rotations and al-
leviate correspondence instability caused by correlation inconsistency, 
particularly in low-overlap scenarios. Qualitative results are shown in 
Fig.  6.

To further evaluate robustness under unseen orientations, we con-
duct additional experiments on the rotated 3DLoMatch benchmark, 
where arbitrary rotations are applied to the input point clouds. This 
setting introduces significant challenges for correspondence estimation.

The quantitative results are summarized in Table  4. Compared 
with the standard 3DLoMatch setting, methods that rely primarily on 
rotation augmentation, such as FCGF and Predator, suffer noticeable 
performance degradation, indicating limited generalization to unseen 
rotations. In contrast, methods with rotation-invariant or equivari-
ant designs (e.g., YOHO, RoITR, and PARENet) exhibit more stable 
performance.

Our method achieves the best overall performance on both datasets, 
with a Transformation Recall (TR) of 82.3% on 3DLoMatch and 82.7%
on Rotated 3DLoMatch. Notably, the performance variation under ro-
tation is minimal, demonstrating strong robustness to arbitrary orien-
tations.
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Table 5
Computational efficiency comparison of different models.
 Model Params (M) FLOPs (G) Time (ms) 
 GeoTrans 9.83 140.71 70.40  
 CAST 8.55 48.74 129.80  
 PARE 3.84 59.49 122.80  
 Ours 4.04 72.86 100.29  
Note: All timings were measured on a single NVIDIA RTX 4090 GPU.

This improvement can be attributed to the proposed Dynamic Cor-
relation Network, which stabilizes feature correlation modeling in a 
rotation-invariant feature space, and the Structure-Aware Point Match-
ing module, which further enhances matching reliability through con-
textual interaction and consistency enforcement. As a result, the pro-
posed method maintains stable correspondence estimation even when 
the relative rotations are significantly different from those seen during 
training.

To evaluate computational efficiency, we compare the model com-
plexity and inference time of different methods, as shown in Table 
5. Our model contains 4.04M parameters and requires 72.86 GFLOPs, 
which is significantly lower than GeoTrans while remaining compa-
rable to lightweight architectures. Moreover, our method achieves an 
inference time of 100.29 ms, outperforming CAST and PARE in run-
time efficiency. These results indicate that the proposed SAPM with 
linear self-attention provides a favorable balance between efficiency 
and performance.

4.4. Ablation study

We conduct ablation experiments on the KITTI dataset to evaluate 
the contributions of the Dynamic Correlation Network (DCN) and the 
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Fig. 7. Point-level correspondences of the models with (a) PARE-Net point matching and (b) structure-aware point matching.
Table 6
Ablation study on the KITTI dataset.
 ID DCN SAPM RRE (◦) RTE (cm) 
 I 7 7 0.239 5.5  
 II 3 7 0.227 5.2  
 III 7 3 0.221 5.1  
 IV 3 3 0.211 4.8  

Table 7
Comparative ablation of feature extraction modules on KITTI.
 Method RTE (cm) RRE (◦) RR (%) 
 KPConv 6.5 0.24 99.6  
 VN-Conv 5.6 0.23 99.6  
 PAREConv 5.3 0.23 99.8  
 Ours 4.9 0.22 99.8  

Structure-Aware Point Matching (SAPM). As shown in Table  6, intro-
ducing DCN alone (II) reduces the errors compared to the baseline (I), 
indicating that modeling feature correlations in a rotation-invariant 
space improves the stability of feature representations under varying 
orientations.

Similarly, incorporating SAPM alone (III) also improves perfor-
mance, demonstrating that enforcing consistency in local feature inter-
actions benefits correspondence estimation.

When both modules are combined (IV), the model achieves the 
best performance, with an RRE of 0.211◦ and an RTE of 4.8 cm. 
This result indicates that DCN and SAPM are complementary: DCN 
stabilizes feature correlation modeling under rotation, while SAPM 
further alleviates correspondence instability. Together, they improve 
overall registration accuracy.

We further visualize the matching results in Fig.  7. The proposed 
SAPM produces more stable correspondences with higher inlier ratios, 
indicating improved matching reliability.

To analyze the impact of feature representation on overall reg-
istration performance, we compare different feature extraction back-
bones within a unified pipeline. Specifically, KPConv, VN-Conv, and 
PAREConv are employed as alternative feature extractors, while the 
remaining components of the framework, including the LGR-based 
transformation estimator, are kept unchanged to ensure a fair compar-
ison.

As shown in Table  7, our full model achieves the best performance 
across all metrics. These results indicate that, within a unified regis-
tration framework, the discriminative power of feature representations 
10 
plays a critical role in performance, while our model can further exploit 
high-quality features to achieve superior registration results.

To further investigate the effectiveness of each component, we 
conduct fine-grained ablation studies on DCN and SAPM, as shown in 
Table  8.

For DCN, removing either the Channel Reallocation Network or the 
Dynamic Correlation Computation degrades performance, indicating 
that both components are important for modeling consistent feature 
correlations.

For SAPM, removing either the linear self-attention or the row–
column masked softmax leads to reduced accuracy, showing that en-
forcing consistency in feature interactions is essential for reliable cor-
respondence estimation.

Overall, these results validate that each component contributes to 
improving correlation consistency and that their combination yields the 
best performance.

5. Conclusion

This paper addresses the problem of unstable correspondence esti-
mation in point cloud registration caused by inconsistent feature cor-
relations under varying rotations. To this end, we propose a rotation-
robust registration framework that explicitly models correlation consis-
tency from both feature extraction and matching perspectives.

Specifically, we introduce a Dynamic Correlation Network (DCN), 
which performs adaptive correlation modeling in a rotation-invariant 
feature space, enabling the learning of stable and discriminative feature 
correlations across different orientations. Building upon these enhanced 
representations, we further develop a Structure-Aware Point Matching 
(SAPM) module, which improves the reliability of local correspon-
dences through contextual modeling and consistency enforcement.

Extensive experiments on both indoor and outdoor benchmarks 
demonstrate that the proposed method achieves competitive overall 
performance, particularly exhibiting strong robustness under rotations 
and general low-overlap scenarios. However, we observe that in ex-
treme cases, incorrect coarse superpoint associations may occur when 
the overlap is critically small. Additionally, highly repetitive geometric 
structures can produce ambiguous local descriptors, leading to multiple 
plausible correspondences that may mislead the hypothesis selection 
stage. Future work will focus on enhancing model robustness under 
these scenarios, extending dynamic correlation modeling to multi-
view registration, and developing lightweight variants for real-time 
applications.
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Table 8
Fine-grained ablation study of components on 3DMatch.
 Ablated component RTE RRE RR Module time (ms) 
 (cm) (◦) (%)  
 Full model 5.2 1.693 95.4 Total: 269.8  
 Channel Reallocation Network 5.8 1.802 94.6 7.9  
 Dynamic Correlation Computation 5.9 1.768 94.2 6.2  
 Linear Self-Attention 6.0 1.741 94.4 11.8  
 Row–Column Masked Softmax 5.6 1.776 94.8 2.4  
Note: The accuracy columns (RTE, RRE, RR) report the results obtained by removing the corresponding 
component from the full model. The ‘‘Module Time’’ column reports the individual execution time of each 
specific component, not the total runtime of the ablated model. All timings were measured on a single 
NVIDIA RTX 4060 GPU.
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