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Abstract:  

 

Superpoint matching is a critical step in coarse-to-fine point cloud registration, and its performance directly affects the accuracy of 

subsequent point matching and pose estimation. However, most existing methods establish correspondences mainly relying on feature 

similarity, without explicit modeling of spatial structure, which easily leads to unstable matching in complex scenarios such as noise, 

occlusion, and low overlap. To address these issues, this paper proposes a coarse-to-fine point cloud registration method guided by 

prior correspondences. First, prior superpoint correspondences are constructed using rigid transformations estimated by existing SOTA 

methods, and are serially encoded via a prior encoding module to provide explicit constraints for feature learning. Furthermore, multiple 

geometric information including pairwise distances, angles, and normals is introduced and uniformly encoded to enhance spatial struc-

ture representation. On this basis, a prior-guided sparse mixture-of-experts attention mechanism is designed to differentially model 

features in overlapping and non-overlapping regions, thereby improving feature discriminability and structural consistency. Using the 

learned features, the model gradually establishes correspondences through superpoint matching and point matching, and estimates the 

final rigid transformation with RANSAC. Experiments on the 3DMatch dataset show that when sampling 1000 point correspondences, 

the proposed method achieves an inlier ratio of 80.7% and a registration recall of 92.9%, which are 5.5% and 1.1% higher than the 

baseline method respectively, verifying the effectiveness of the proposed method in terms of accuracy and robustness. 

 

 

1. Introduction 

With the continuous development of LiDAR technology, the ac-

quisition of high-precision point cloud data has become increas-

ingly efficient, and point clouds have gradually become a key 

data form in 3D applications, making point cloud data pro-

cessing crucial. As an important part of point cloud processing, 

point cloud registration aims to compute a transformation matrix 

to align local point clouds from different coordinate systems into 

a unified coordinate system, thereby reconstructing a complete 

3D scene (B. Yang et al., 2024). Depending on the application 

environment and scene characteristics, point cloud registration 

can generally be divided into two typical scenarios: indoor and 

outdoor. Compared with outdoor environments, indoor scenes 

often feature more complex spatial structures and functional lay-

outs, severe local occlusions, and a large number of geometri-

cally smooth and repetitive structures. These factors signifi-

cantly increase the difficulty of point cloud feature extraction 

and matching. In addition, typical indoor applications, such as 

indoor 3D reconstruction (T. Yang et al., 2022) and virtual/aug-

mented reality (Nguyen et al., 2024), usually impose higher re-

quirements on the accuracy and stability of registration results, 

further elevating the challenges of the point cloud registration 

task. 

 

In recent years, leveraging the remarkable advantages of deep 

learning in high-dimensional feature representation and nonlin-

ear modeling, researchers have proposed numerous learning-

based point cloud registration methods, which have significantly 

advanced the development of this field. In general, existing ap-

proaches can be broadly classified into two categories: one is 

 
 Corresponding author: jtyang@sdust.edu.cn 

correspondence-based registration methods centered on deep 

feature extraction and matching (Bai et al., 2020; Choy et al., 

2019; Yu et al., 2024), and the other is pose regression-based 

methods that directly regress rigid transformation parameters 

through end-to-end networks(Wang and Solomon, 2019; W. 

Yuan et al., 2020; Y. Yuan et al., 2023).Among them, pose re-

gression-based methods typically rely on global features for ho-

listic representation and can achieve satisfactory performance in 

scenarios with relatively complete structures and sufficient over-

lap. However, in complex scenes with low overlap, severe oc-

clusion, or large-scale variations, such methods often struggle to 

extract stable and discriminative global features, leading to inac-

curate or even failed transformation estimation. In contrast, cor-

respondence-based registration methods explicitly construct 

matching relationships between points or superpoints, trans-

forming the registration problem into a process of local corre-

spondence screening and optimization. They exhibit stronger ro-

bustness and generalization ability in complex environments, 

and have thus gradually become the mainstream direction of cur-

rent research. 

 

In such methods, how to improve feature representation ability 

and the reliability of correspondences has become crucial. To ad-

dress these issues, SACF-Net (Wu et al., 2023) introduces a skip-

attention-based matching filtering strategy that selectively fuses 

multi-level features in a multi-resolution encoder–decoder ar-

chitecture. This allows the network to better focus on overlap-

ping regions during decoding, effectively filtering high-quality 

correspondences and improving performance in low-overlap 

scenarios. GeoTransformer (Qin et al., 2023) further leverages 
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geometric information by designing a geometric self-attention 

mechanism that incorporates relative positional and angular cues 

into attention computation, enhancing structural awareness. It 

also introduces an overlap-aware coarse matching loss to im-

prove the confidence and stability of correct superpoint matches. 

On this basis, RoITr (Yu et al., 2023) extends this idea by inte-

grating geometric priors into a Transformer framework. It em-

ploys rotation-invariant Point Pair Features (PPF) to model both 

local and global structural relationships, enabling robust feature 

interaction under large rotations, low overlap, and noise, and 

thus producing more stable and discriminative matching results. 

 

Although existing methods have achieved significant progress in 

feature representation and matching robustness, their ability to 

explicitly model and distinguish overlapping regions remains 

limited. To address this issue, we introduce a mechanism that 

enables region-aware feature modeling. The Sparse Mixture-of-

Experts (SMoE) (Fedus et al., 2022)  provides a promising so-

lution: if the routing network can leverage both feature distribu-

tion and spatial relationships to distinguish tokens in overlapping 

and non-overlapping regions, different experts can be assigned 

to process different feature subsets. This allows specialized fea-

ture extraction for different regions, enhancing discriminative 

representations in overlapping areas while reducing interference 

from non-overlapping regions, thereby improving correspond-

ence reliability and registration accuracy. However, without 

prior guidance, the routing network struggles to accurately iden-

tify overlapping regions. Therefore, we incorporate prior corre-

spondences into the attention and SMoE framework, and pro-

pose a coarse-to-fine point cloud registration method for indoor 

scenes. The main contributions are summarized as follows: 

 

(1) Propose a prior correspondence encoding module. We con-

struct prior superpoint correspondences based on rigid transfor-

mations estimated by existing methods, and embed them into 

raw features through sequential encoding, enabling the network 

to explicitly exploit potential matching information during fea-

ture learning and provide a stable initialization for coarse match-

ing. 

(2) Introduce a multi-geometric information embedding mecha-

nism. We uniformly encode geometric attributes such as dis-

tances, angles, and normal directions between point clouds to 

construct learnable geometric structure representations, which 

are integrated into feature embedding to provide explicit spatial 

structure priors for subsequent feature learning. 

(3) Design a prior-guided sparse mixture-of-experts attention 

mechanism. Guided by prior correspondences, we build a multi-

expert feature learning framework that performs specialized 

modeling on different feature subspaces and adaptively fuses ex-

pert outputs, achieving differential processing of features in 

overlapping and non-overlapping regions. 

 

2. Methodology 

Given a pair of point clouds 𝑃 = {𝑝𝑖 ∈ ℝ
3|𝑖 = 1,… , 𝑁}  and 

𝑄 = {𝑞𝑖 ∈ ℝ
3|𝑗 = 1,… ,𝑀}, the objective is to estimate a rigid 

transformation 𝑇 = {𝑅, 𝑡}, where 𝑅 ∈ 𝒮𝒪(3) denotes the rota-

tion and 𝑡 ∈ ℝ3 denotes the translation, to align them. To esti-

mate 𝑇 , it is necessary to establish point correspondences 𝐶 

between 𝑃 and 𝑄. In our method, the correspondences are pro-

gressively constructed through a coarse-to-fine strategy. At the 

superpoint matching stage, prior superpoint correspondences are 

first obtained using existing methods, and a prior encoding mod-

ule is employed to encode them into sequences, providing prior 

information for subsequent feature learning. Furthermore, mul-

tiple geometric cues, including inter-point distances, angles, and 

normal directions, are incorporated and uniformly encoded to 

form a learnable geometric structural representation. Based on 

this, we design a prior-guided sparse mixture-of-experts atten-

tion mechanism, where geometric information is integrated into 

the attention computation. Under the guidance of prior corre-

spondences, different experts are encouraged to learn discrimi-

native features for overlapping and non-overlapping regions, re-

spectively. Finally, the point correspondences are established 

through both superpoint-level and point-level matching modules, 

and the transformation matrix is estimated using the RANSAC 

algorithm. The overall pipeline of the proposed method is illus-

trated in Figure 1. 

 

2.1 Prior Correspondence Encoding 

We employ the encoding layers of KPConv to perform feature 

extraction and downsampling on the input raw point cloud data, 

which reduces computational complexity while preserving key 

information of the point clouds. Through this process, we obtain 

superpoints 𝑃̂ and 𝑄̂, as well as the corresponding superpoint 

features 𝐹̂𝑃 ∈ ℝ|𝑃̂|×𝑏 and 𝐹̂𝑄 ∈ ℝ|𝑄̂|×𝑏. 

 

(1) Prior Correspondence Prediction:  

Superpoint correspondences provide not only overlap cues be-

tween two point clouds but also explicit matching relationships 

between source and target superpoints. These cues can serve as 

valuable prior information to guide the routing network in se-

lecting appropriate experts, thereby improving feature discrimi-

nation. However, reliable correspondence estimation depends on 

strong feature representations, while learning discriminative fea-

tures also requires accurate correspondences. This forms a mu-

tually dependent relationship between feature learning and cor-

respondence estimation. To address this issue, we adopt the 

method of Sun et al. (2025) to estimate a prior rigid transfor-

mation 𝑇𝑝 = {𝑅𝑝, 𝑡𝑝}. With the prior transformation, the source 

point cloud is transformed and aligned with the target point cloud, 

 

Figure 1. Overall workflow of the proposed method 
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enabling the estimation of an overlap probability matrix 𝑂̂ ∈

ℝ|𝑃̂|×|𝑄̂|  between the transformed superpoint sets 𝑃̂  and 𝑄̂ , 

where each element represents the overlap probability between 

a pair of superpoints. Subsequently, superpoint pairs with over-

lap probabilities greater than a predefined threshold 𝜏𝑜 are se-

lected from 𝑂̂ as prior superpoint correspondences 𝐶̅, and their 

corresponding overlap probabilities are denoted as 𝑂̅. 

 

(2) Encoding of Prior Correspondences:  

To encode prior correspondence information in a learnable form, 

we design a prior correspondence encoding module to explicitly 

represent predicted superpoint matches (as illustrated in Figure 

2). First, we construct an ordered index set 𝑍𝐴 = {1,2,⋯  , 𝑐𝑝
′ }to 

assign unique identifiers to each predicted correspondence pair 

𝐶̄, where 𝑐𝑝
′ is the number of predicted matches.To handle un-

matched superpoints, we introduce a special index 𝑍𝑁𝐴 = 0 , 

which is assigned to superpoints in both 𝑃̂and 𝑄̂that do not par-

ticipate in any correspondence. Based on this scheme, all super-

points are encoded into a unified integer index representation, 

providing a consistent way to describe both matched and un-

matched cases: 

 𝒩 = {𝑖 ∈ ℕ|𝑖 = 0,1,⋯ , 𝑐𝑝
′ } (1) 

To map the above discrete indices into a continuous feature space, 

we adopt a sinusoidal positional encoding function to generate 

their embedding representations. This approach preserves the or-

dinal relationships of the indices while transforming discrete 

identifiers into continuous vector representations with structured 

properties: 

 {
Γ𝑖,2𝑘
𝑁 = sin (

𝑖

100002𝑘/𝑑𝑡
)

Γ𝑖,2𝑘+1
𝑁 = cos (

𝑖

100002𝑘/𝑑𝑡
)

 (2) 

where 𝑑 denotes the embedding dimension. Subsequently, an 

embedding layer is constructed using a multi-layer perceptron 

(MLP) to compute the prior embeddings: 

 𝐹𝑁 = 𝑀𝐿𝑃(Γ𝑁),    𝐹𝑁 ∈ ℝ(𝑐𝑝
′+1)×𝑑𝑡 (3) 

After obtaining the prior embeddings, we utilize the prior super-

point correspondences 𝐶̄ to select the source superpoints in-

volved in matching from the superpoint set 𝑃̂, forming an an-

chor set 𝐴 ⊂ 𝑃̂. In real-world scenarios, a source superpoint in 

𝐴may correspond to multiple target superpoints; that is, under 

the constraint of the threshold 𝜏𝑜, multiple candidate matches 

may exist, forming a candidate correspondence set 𝐴′. In this 

case, a single source superpoint is associated with multiple prior 

embedding representations, which may introduce redundancy 

and uncertainty. To ensure the uniqueness and stability of the 

prior embeddings, we perform a weighted fusion of multiple em-

beddings based on their overlap probabilities. Specifically, for 

each superpoint in 𝐴, all its matching entries are retrieved from 

the prior correspondence set 𝐶̄, and their indices are denoted as 

𝑋𝑖. Finally, the prior embedding representation of all superpoints 

in the source point cloud 𝑃̂ , denoted as 𝐹̈𝑃 ∈ ℝ∣𝑃̂∣×𝑑 , can be 

uniformly formulated as: 

𝐹̈𝑖
𝑃 = {

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑂̅(𝑋𝑖)) ∙ 𝐹𝒵𝐴
𝑁 (𝑋𝑖),    |𝑋𝑖| > 1

𝐹𝒵𝐴
𝑁 (𝑋𝑖),                                          |𝑋𝑖| = 1

𝐹𝒵𝑁𝐴
𝑁 ,                                           𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (4) 

where 𝐹𝑍𝐴
𝑁 and 𝐹𝑍𝑁𝐴

𝑁 denote the prior embedding features corre-

sponding to 𝑍𝐴 and 𝑍𝑁𝐴 , respectively. For the superpoint fea-

tures of the target point cloud 𝐹̈𝑄, we apply the same encoding 

procedure to obtain the corresponding prior embeddings. 

Through this unified encoding strategy, a consistent prior repre-

sentation is established between the source and target point 

clouds, thereby providing structured prior information to support 

subsequent feature modeling and routing network decisions. 

 

2.2 Multi-Geometric Information Encoding 

Superpoint matching is a key step in coarse-to-fine point cloud 

registration, but it is inherently sparse and uncertain due to 

downsampling. As a result, nearby superpoints may still differ 

significantly in geometry, making reliable correspondence diffi-

cult when relying only on spatial proximity or feature similarity, 

which is also sensitive to noise and occlusion. To address this, 

we introduce a multi-level geometric encoding strategy that cap-

tures structural cues such as distances, angles, and normal direc-

tions between superpoints (as illustrated in Figure 3). These ge-

ometric relationships are encoded and integrated into feature 

learning to enhance the reliability of matching. 

 

Since these geometric relationships are determined by local spa-

tial structures, they are highly consistent within overlapping re-

gions and can provide reliable constraints for feature learning. 

For two superpoints 𝑝̂𝑖 , 𝑝̂𝑗 ∈ 𝑃̂ , we construct their geometric 

representation using three components: distance, angle, and nor-

mal embeddings. Specifically, the Euclidean distance is first 

computed and encoded as a distance embedding. The angle em-

bedding captures their relative directional relationships within 

the local neighborhood. In addition, normal information is used 

to model orientation consistency and is encoded as a normal-

based embedding. By combining these components, the spatial 

relationship between superpoints is represented from multiple 

geometric perspectives, leading to a more robust and discrimi-

native feature representation. The embedding process can be for-

mulated as follows: 

 

(1) Distance Embedding. 

For superpoints 𝑝̂𝑖and 𝑝̂𝑗, their Euclidean distance is defined as 

𝜌(𝑖,𝑗) =∥ 𝑝̂𝑖 − 𝑝̂𝑗 ∥2 . The distance embedding 𝜌
(𝑖,𝑗)
𝐷 ∈ ℝ𝑑𝑡 is 

then obtained using the same sinusoidal encoding function as de-

scribed in Section 2.1: 

 

Figure 2. Prioritization Correspondence Coding Process 

 

 
 

(a) (b) 

Figure 3. Multiple geometric information. (a) Is distance and 

angle information, (b) Is normal vector information 
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{
 
 

 
 𝑟𝑖,𝑗,2𝑘

𝐷 = sin (
𝜌𝑖,𝑗/𝜎𝑑

100002𝑘/𝑑𝑡
)

𝑟𝑖,𝑗,2𝑘+1
𝐷 = cos(

𝜌𝑖,𝑗/𝜎𝑑

100002𝑘/𝑑𝑡
)

 (5) 

where 𝜎𝑑is a scaling parameter used to control the sensitivity of 

the distance embedding to variations in distance, thereby affect-

ing the scale of the encoded representation. 

 

(2) Angle Embedding. 

For angle embedding, we first select the 𝑘 nearest neighbors 

𝐾𝑖 of 𝑝̂𝑖 within its local neighborhood. For any point 𝑝̂𝑥 ∈ 𝐾𝑖 , 
we take 𝑝̂𝑥as the reference point and construct direction vectors 

pointing to 𝑝̂𝑖and 𝑝̂𝑗, respectively. The angle between these two 

direction vectors is then computed as 𝛼(𝑖,𝑗)
𝑥 , which characterizes 

the geometric relationship between local structure and global 

configuration. Subsequently, the angle value 𝛼
(𝑖,𝑗)
𝑥  is mapped 

into a high-dimensional space using a sinusoidal positional en-

coding scheme, yielding the corresponding angle embedding 

representation: 

 

{
 
 

 
 𝑟𝑖,𝑗,2𝑙

𝐴 = sin (
𝛼𝑖,𝑗
𝑥 /𝜎𝛼

100002𝑙/𝑑𝑡
)

𝑟𝑖,𝑗,2𝑙+1
𝐴 = cos(

𝛼𝑖,𝑗
𝑥 /𝜎𝛼

100002𝑙/𝑑𝑡
)

 (6) 

Similarly, 𝜎𝛼is a scaling parameter used to control the sensitiv-

ity of the angle embedding to variations in the angle, thereby 

regulating the scale of the encoded representation. 

 

(3) Normal Embedding. 

To fully exploit local geometric information in point clouds, we 

construct normal features based on neighborhood points and fur-

ther encode them into embeddings. Specifically, for each point 

𝑝̂𝑖, we first select its 𝐾nearest neighbors, denoted as 𝑁𝑖. For any 

two points 𝑝̂𝑥 , 𝑝̂𝑦 ∈ 𝑁𝑖 , we take 𝑝̂𝑖 as the reference point and 

construct vectors 𝐯𝑥 = 𝑝̂𝑥 − 𝑝̂𝑖 and 𝐯𝑦 = 𝑝̂𝑦 − 𝑝̂𝑖 . The local 

normal vector is then computed via the cross product: 

 𝐧𝑥𝑦 =
𝐯𝑥 × 𝐯𝑦

∥ 𝐯𝑥 × 𝐯𝑦 ∥
 (7) 

To address the ambiguity of normal directions, we introduce a 

global reference direction to ensure consistency. Using the point 

cloud origin as a reference, we compute a unit vector toward it 

and flip normals whose dot product indicates opposite orienta-

tion. The consistent normals are then concatenated within each 

neighborhood to form an initial geometric descriptor. Finally, an 

MLP is applied to map this descriptor into a higher-dimensional 

feature space for learning: 

 𝒇𝑖
𝑛 = MLP(𝑛𝑖) (8) 

where the MLP consists of two fully connected layers with a 

ReLU activation function in between, enabling nonlinear map-

ping from geometric descriptors to a semantic feature space. For 

a point pair (𝑝̂𝑖
, 𝑝̂𝑗) , their corresponding normal embeddings 

are concatenated to form a pairwise geometric representation: 

 𝒓𝑖,𝑗
𝑁 = Concat([𝒇𝑖

𝑛 , 𝒇𝑗
𝑛]) (9) 

Finally, the distance embedding, angle embedding, and normal 

embedding are fused and aggregated to obtain a unified multi-

level geometric embedding representation: 

𝒓𝒊,𝒋 = 𝑟𝑖,𝑗
𝐷 ∙ 𝑊𝐷 +max{𝑟𝑖,𝑗

𝐴 ∙ 𝑊𝐴} + 𝒓𝑖,𝑗
𝑁 ∙ 𝑊𝑁 (10) 

where 𝑊𝐷 , 𝑊𝐴 , and 𝑊𝑁 ∈ ℝ𝑑𝑡×𝑑𝑡 are projection matrices 

corresponding to the three types of embedding information, re-

spectively. 

 

2.3 Prior-guided Sparse Mixture-of-Experts Attention 

Mechanism 

In point cloud registration, attention mechanisms capture long-

range dependencies through global feature interaction. However, 

standard feed-forward networks use a uniform transformation, 

which cannot adapt well to the diverse regions and structures in 

point clouds.In practice, point clouds contain overlapping and 

non-overlapping regions with different geometric patterns and 

feature distributions. A single transformation strategy can lead to 

feature homogenization, reducing the discriminative ability of 

important regions and harming matching accuracy. 

 

SMoE introduces a multi-expert architecture with routing, ena-

bling dynamic token assignment and conditional feature trans-

formation. It improves model expressiveness without signifi-

cantly increasing computational cost. Replacing the Transformer 

feed-forward network with SMoE creates adaptive computation 

paths for different tokens, leading to more discriminative fea-

tures. However, in point cloud registration, standard SMoE is 

limited because routing relies only on features and ignores geo-

metric structure and overlap relationships, which may cause mis-

matched expert assignment. To address this, we propose a Prior-

guided SMoE Attention Mechanism (PSMEAM), which incor-

porates prior correspondences into both routing and feature in-

teraction (as illustrated in Figure 4). This helps the model focus 

on potential correspondences, improves representation in over-

lapping regions, and suppresses noise from non-overlapping ar-

eas, leading to more reliable matching. 

 

We further apply geometric self-attention to the multi-geometric 

encoded superpoint features to capture global dependencies. By 

introducing geometric constraints into the attention process, the 

model jointly models feature similarity and spatial structure. 

Taking source superpoints as an example, the input feature 𝑋 ∈

ℝ∣𝑃̂∣×𝑑𝑡 is transformed into the output 𝑍 ∈ ℝ∣𝑃̂∣×𝑑𝑡 through 

weighted aggregation of projected features. 

 𝑧𝑖 =∑𝑎𝑖,𝑗(𝑥𝑗𝑊
𝑉)

|𝑃̂|

𝑗

 (11) 

where 𝑊𝑉 ∈ ℝ𝑑𝑡×𝑑𝑡is the projection matrix for values. The at-

tention weight 𝑎𝑖,𝑗is obtained by applying a softmax operation 

over the attention score 𝑒𝑖,𝑗. The computation of the attention 

score 𝑒𝑖,𝑗is formulated as follows: 

 𝑒𝑖,𝑗 =
(𝑥𝑖𝑊

𝑄)(𝑥𝑗𝑊
𝐾 + 𝑟𝑖,𝑗𝑊

𝑅)𝑇

√𝑑𝑡
 (12) 

where 𝑊𝑄,𝑊𝐾 ,𝑊𝑅 ∈ ℝ
𝑑𝑡×𝑑𝑡are the projection matrices for que-

ries, keys, and geometric embeddings, respectively. 𝑟𝑖,𝑗 ∈

ℝ𝑑𝑡denotes the geometric structural embedding between super-

points 𝑖and 𝑗. 
 

After the geometric self-attention layer enhances feature interac-

tions, we further introduce a Sparse Mixture-of-Experts (SMoE) 

module to adaptively refine feature representations. The encoded 

prior correspondence information is incorporated as guidance in 

the expert routing process, enabling differentiated learning 

 

Figure 4. Combining the geometric self-attention mecha-

nism of SMoE 
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between overlapping and non-overlapping regions. Specifically, 

conventional Feed-Forward Networks (FFNs) in Transformers 

apply a uniform transformation to all tokens, which limits their 

ability to adapt to the heterogeneous nature of point cloud re-

gions, such as overlapping versus non-overlapping areas. To ad-

dress this limitation, we replace the FFN with an SMoE module, 

allowing each superpoint feature to be dynamically routed to dif-

ferent expert networks for conditional processing. 

 

Given the superpoint features 𝑍 ∈ ℝ∣𝑃̂∣×𝑑𝑡produced by geomet-

ric self-attention and the corresponding prior-encoded features 

𝐹̈𝑃 ∈ ℝ∣𝑃̂∣×𝑑𝑡, we fuse them as inputs to the SMoE routing net-

work to guide expert selection (as illustrated in Figure 4). Spe-

cifically, for the 𝑖-th superpoint, the fused representation is for-

mulated as 𝑧𝑖 + 𝑓𝑖̈ , where 𝑧𝑖 denotes the self-attention output 

feature and 𝑓𝑖̈ represents the corresponding prior encoding. 

Based on this fused representation, routing scores over experts 

are computed, and a top-𝑘 strategy is applied to select the most 

relevant 𝑘experts for computation. In this work, we set 𝑘 = 2, 

and the routing process can be formulated as follows: 

 𝑔𝑖 = 𝑡𝑜𝑝 − 𝑘(𝑠𝑜𝑓𝑡𝑚𝑎𝑥((𝑊
𝑔(𝑧𝑖 + 𝑓𝑖̈)))) (13) 

where 𝑊𝑔 ∈ ℝ𝑑𝑡×𝐸 denotes the learnable parameters of the 

routing network, 𝐸is the number of experts, and 𝑔𝑖 ∈ ℝ
𝐸repre-

sents the sparse gating vector for the 𝑖-th superpoint. Finally, the 

output feature of the 𝑖-th superpoint is obtained as a weighted 

combination of the selected experts, formulated as: 

 𝑧̂𝑖 = ∑ 𝑔𝑖
(𝑒)

𝑒∈𝒢𝑖

⋅ ℰ𝑒(𝑧𝑖) (14) 

where 𝐺𝑖denotes the set of experts selected by the top-𝑘 routing 

strategy, 𝑔𝑖
(𝑒)

is the routing weight assigned to the 𝑒-th expert, 

and 𝐸𝑒(⋅) represents the 𝑒 -th expert network. Through this 

mechanism, superpoint features in both overlapping and non-

overlapping regions can be adaptively assigned to different ex-

perts according to their prior information and intrinsic features, 

thereby enhancing the diversity and discriminative power of the 

learned representations. 

 

2.4 Loss function 

To improve training stability and performance, we use a joint 

loss including three terms: overlap-aware loss 𝐿𝑜𝑐, point match-

ing loss 𝐿𝑓, and load balance loss 𝐿𝑏. Among them, 𝐿𝑓super-

vises point-wise correspondence accuracy, 𝐿𝑜𝑐enhances overlap 

discrimination for better superpoint matching, and 𝐿𝑏balances 

expert utilization in SMoE. Overall, this multi-task objective im-

proves both matching accuracy and feature representation. 

 In this section, we focus on the overlap-aware loss and the load 

balance loss, while the point matching loss follows the formula-

tion of Qin et al. (2023). 

(1) Overlap-aware loss 

Existing methods usually treat superpoint matching as a multi-

label classification problem optimized with cross-entropy loss. 

However, in multi-positive cases, overlaps vary significantly, 

and cross-entropy may weaken high-confidence matches, reduc-

ing stability. To address this, we adopt the overlap-aware loss 

from GeoTransformer. We first build an anchor set 𝐴̂ from 𝑃̂, 

where each anchor has at least one positive match in 𝑄̂. A pair 

is positive if its overlap ratio is ≥10%, negative if it is 0, and 

others are ignored. For each anchor 𝐺𝑖
𝑃, its positive and negative 

sets are 𝜀𝑝
𝑖  and 𝜀𝑛

𝑖  . Here, 𝐺𝑖
𝑃 is obtained via the point-to-node 

strategy(Sun et al., 2025). Based on this, the overlap-aware loss 

on 𝑃̂is defined as: 

ℒ𝑜𝑐
𝑃 =

1

|𝒜|
∑ log [1 + ∑ 𝑒𝜆𝑖

𝑗
𝛽𝑝
𝑖,𝑗
(𝑑𝑖

𝑗
−∆𝑝)

𝐺𝑗
𝑄
∈𝜀𝑝

𝑖𝐺𝑖
𝑃∈𝒜

∙ ∑ 𝑒𝛽𝑛
𝑖,𝑘(∆𝑛−𝑑𝑖

𝑘)

𝐺𝑘
𝑄
∈𝜀𝑛

𝑖

] 

(15) 

where 𝑑𝑖
𝑗
=∥ ℎ̂𝑖

𝑃 − ℎ̂𝑗
𝑄
∥2denotes the Euclidean distance in the 

feature space, and 𝜆𝑖
𝑗
= (𝑜𝑖

𝑗
)1/2, where 𝑜𝑖

𝑗
represents the over-

lap ratio between 𝐺𝑖
𝑃and 𝐺𝑗

𝑄
. The weights for positive and neg-

ative samples are computed individually as 𝛽𝑝
(𝑖,𝑗)

= 𝛾(𝑑𝑖
𝑗
−

Δ𝑝) and 𝛽𝑛
(𝑖,𝑘)

= 𝛾(Δ𝑛 − 𝑑𝑖
𝑘) , respectively. The margin hy-

perparameters Δ𝑝and Δ𝑛are set to 0.1 and 1.4, respectively. The 

overlap-aware loss further reweights the loss terms over 𝜀𝑝
𝑖 ac-

cording to the overlap ratio, assigning larger weights to super-

point pairs with higher overlap. The loss on the target point cloud 

𝑄̂, denoted as 𝐿𝑜𝑐
𝑄

, is computed in the same manner. The final 

overlap-aware loss is defined as: ℒ𝑜𝑐 = (ℒ𝑜𝑐
𝑃 + ℒ𝑜𝑐

𝑄
)/2。 

 

(2) Load balance loss 

The basic routing mechanism often suffers from imbalanced 

 

Figure 5. Prior Correspondence Relationship Information 

Guided SMoE 

 

 
Table 1 Evaluation Results of 3DMatch and 3DLoMatch 

Datasets Under Different Sample Sizes 
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expert utilization. During training, the model tends to rely on a 

few experts, which receive more updates and become further re-

inforced, leading to routing collapse. This reduces feature diver-

sity and degrades performance. To address this, we introduce a 

load balance loss to regularize expert usage. For each mini-batch, 

we compute two statistics: (i) the load 𝑓𝑖, representing the pro-

portion of tokens assigned to expert 𝑖, and (ii) the importance 

𝑃𝑖, representing the average normalized gating probability of ex-

pert 𝑖. These are formed into vectors of size 𝐸, and the load bal-

ance loss is defined using their dot product, scaled by the number 

of experts: 

 ℒ𝑏 = 𝐸 ∙∑𝑓𝑖 ∙

𝐸

𝑖=1

𝑃𝑖 (16) 

When both the load and importance of each expert approach a 

uniform distribution (i.e., 𝑓𝑖 ≈ 1/𝐸  and 𝑃𝑖 ≈ 1/𝐸 ), the loss 

approaches 1. In contrast, when only a few experts dominate the 

routing process, the resulting product increases, leading to a 

higher loss value. By minimizing this loss, the gating network is 

encouraged to distribute tokens more evenly across all experts, 

thereby preventing excessive concentration on a subset of ex-

perts. This loss is used as an auxiliary term and is added to the 

main task loss, with a weighting coefficient 𝜆 = 0.01during op-

timization to jointly guide gradient updates. 

 

Finally, the overall loss function can be formulated as: ℒ =
ℒ𝑜𝑐 + ℒ𝑓 + 𝜆ℒ𝑏 . 

 

3. Experiments 

We evaluate the proposed method on the indoor datasets 

3DMatch (with overlap > 30%) and 3DLoMatch (with overlap 

between 10% and 30%), and compare it with several state-of-

the-art methods, including 3DSN (Gojcic et al., 2019), FCGF 

(Choy et al., 2019), D3Feat (Bai et al., 2020), SpinNet (Ao et al., 

2021), Predator (Huang et al., 2021), CoFiNet (Yu et al., 2021), 

RIGA (Yu et al., 2024), and GeoTransformer (Qin et al., 2023) 

(denoted as GeoTrans in the table). 

 

3.1 Evaluation on 3DMatch and 3DMLoMatch 

Evaluation Metrics: Following prior works, we adopt Registra-

tion Recall (RR), Inlier Ratio (IR), and Feature Matching Recall 

(FMR) to evaluate the performance of our method. Specifically, 

(1) Registration Recall (RR) measures the success rate of point  

cloud registration, defined as the percentage of point cloud pairs 

whose estimated rigid transformation (via RANSAC) has an er-

ror below a certain threshold (e.g., RMSE < 0.2 m) compared to 

the ground truth. (2) Inlier Ratio (IR) evaluates the reliability of 

correspondences, defined as the proportion of matched point 

pairs whose geometric residuals are below a predefined thresh-

old (e.g., τ1 = 0.1m) under the ground-truth transformation. (3) 

Feature Matching Recall (FMR) measures the quality of feature 

matching, defined as the percentage of point cloud pairs whose 

Inlier Ratio exceeds a given threshold (e.g., τ2 = 5%). 

 

Registration Results: To evaluate robustness under different 

correspondence sparsity levels, we follow Bai et al. (2020)and 

test our method with varying numbers of sampled correspond-

ences (Table 1).As the number of correspondences decreases 

from 5000 to 250, our method consistently outperforms existing 

methods. It achieves higher IR improvements of 2.2%–9.4% on 

3DMatch and 4.1%–13.1% on 3DLoMatch, and also shows con-

sistently better FMR. For RR, our method surpasses most base-

lines on both datasets, with clear gains on 3DMatch and compet-

itive results on 3DLoMatch.Overall, the results show that our 

method maintains strong stability and robust matching perfor-

mance even under sparse correspondence settings. 

 

To further validate the proposed method, we provide a visual 

comparison with CoFiNet, which also adopts a coarse-to-fine 

framework. As shown in Figure 6, the first two rows are from 

3DMatch and the last two are from 3DLoMatch. In cases where 

CoFiNet fails (e.g., the first and fourth rows), our method still 

achieves correct alignment, showing better robustness. When 

both methods succeed (e.g., the second row), our method pro-

duces more precise alignment with more consistent errors. Over-

all, our approach is more stable in complex and low-overlap 

scenes, improving both registration accuracy and success rate. 

 

3.2 Ablation Study 

(1) Registration without RANSAC:  

In this section, we evaluate registration performance without 

RANSAC (Table 2) using RR (%), RRE (°), and RTE (m). We 

first use weighted SVD for rigid transformation estimation. Un-

der this setting, most methods degrade significantly. Predator 

suffers a large drop in RR and nearly fails in low-overlap scenes, 

while CoFiNet is also sensitive to outliers. GeoTrans remains 

relatively stable across both datasets.In contrast, our method 

maintains strong performance without RANSAC. On 3DMatch, 

RR exceeds 90% with low RRE and RTE. On 3DLoMatch, the 

improvement is more evident, with about 10% higher RR than 

GeoTrans. These results show that our superpoint correspond-

ences have a higher inlier ratio and better spatial distribution, 

enabling robust registration even without explicit outlier filter-

ing. 

 

To further evaluate robustness, we replace weighted SVD with 

Local-to-Global Registration (LGR). Under this setting, all 

methods show performance improvements. CoFiNet and Ge-

oTrans achieve notable gains in RR on both datasets, and the 

method from Chapter 3 also improves accordingly. Building 

upon this, our method still achieves the best performance: on 

3DMatch, RR reaches 92.7%, with RRE and RTE reduced to 

1.73° and 0.061 m, respectively; on 3DLoMatch, RR reaches 

75.0%, with RRE and RTE of 2.66° and 0.084 m. Compared with 

GeoTrans, our method further improves both RR and error met-

rics, demonstrating that it can achieve more stable and accurate 

pose estimation when combined with a robust estimator. 

 

(2) Ablation Study on Different Modules:  

Method Estimator 
3DMatch 3DLoMatch 

RR RRE RTE RR RRE RTE 

Predator weighted SVD 50.0 3.89 0.122 6.4 >10 >1 

CoFiNet weighted SVD 64.6 2.92 0.089 21.6 6.34 0.154 

GeoTrans weighted SVD 86.5 2.13 0.070 59.9 3.88 0.105 

Ours weighted SVD 91.9 1.82 0.062 73.6 2.88 0.088 

CoFiNet LGR 87.6 2.23 0.071 64.8 3.49 0.124 

GeoTrans LGR 91.5 1.91 0.068 74.0 2.95 0.090 

Ours LGR 92.7 1.73 0.061 75.0 2.66 0.084 

Table 2 The model's evaluation results on the 3DMatch and 3DLoMatch datasets without using the RANSAC algorithm 
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Ablation studies on 3DMatch and 3DLoMatch (Table 3) use RR, 

RRE, and RTE as metrics. Compared with vanilla self-attention, 

geometric self-attention significantly improves all results, with 

PIR and IR increasing by about 7%–10%, showing better struc-

ture modeling and correspondence quality. Adding normal infor-

mation further improves performance, reaching 87.0% PIR, 71.2% 

IR, and 91.7% RR on 3DMatch, and 55.3% PIR and 44.1% IR 

on 3DLoMatch. Finally, introducing the SMoE module 

(PSMEAM) further boosts performance and robustness. On 

3DMatch, metrics improve by about 2%–4%, while on 

3DLoMatch the gains are more significant, with PIR increasing 

by nearly 10% and IR by about 3%. Although FMR slightly fluc-

tuates, overall matching quality and stability are improved. 

These results confirm that SMoE is particularly effective in low-

overlap scenarios. 

 

4. Summary and outlook 

Building on a coarse-to-fine point cloud registration framework, 

we propose an indoor registration method that integrates prior 

correspondence encoding, multi-level geometric information en-

coding, and a sparse mixture-of-experts (SMoE) attention mech-

anism to address the limitations of superpoint correspondence 

quality and feature representation. By introducing prior geomet-

ric constraints and structured feature modeling, together with an 

SMoE routing mechanism, our method improves superpoint 

matching and significantly enhances correspondence accuracy 

and registration robustness. Experiments on 3DMatch and 

3DLoMatch demonstrate that our approach outperforms existing 

methods in registration accuracy, inlier ratio, and matching sta-

bility, with particularly notable gains under low-overlap condi-

tions, confirming the effectiveness of each component. In future 

work, we will explore more efficient dynamic routing strategies 

to improve the efficiency and scalability of SMoE in large-scale 

point cloud scenarios, and investigate stronger cross-scale geo-

metric modeling to further enhance robustness under extreme 

low-overlap and occlusion conditions. 
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Model 
3DMatch 3DLoMatch 

PIR FMR IR RR PIR FMR IR RR 

vanilla self-attention 79.6 97.9 60.1 89.0 45.2 85.6 32.6 68.4 

geometric self-attention 86.1 97.7 70.3 91.5 54.9 88.1 43.3 74.0 

geometric self-attention w/ normal 87.0 98.3 71.2 91.7 55.3 87.7 44.1 72.0 

PSMEAM 90.6 97.6 72.7 92.7 64.4 87.7 47.4 75.0 

Table 3 Ablation studies of different modules 

 

    

    

    

    

(a) Input (b) Ground Truth (c) CoFiNet (d) Ours 

Figure 6. Visualization result graph (the first two rows show the registration results on 3DMatch, and the last two rows show the 

registration results on 3DLoMatch) 
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