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Abstract

Robust and discriminative feature learning is critical for
high-quality point cloud registration. However, existing
deep learning—based methods typically rely on Euclidean
neighborhood-based strategies for feature extraction, which
struggle to effectively capture the implicit semantics and
structural consistency in point clouds. To address these is-
sues, we propose a multi-domain context integration network
(MCI-Net) that improves feature representation and registra-
tion performance by aggregating contextual cues from diverse
domains. Specifically, we propose a graph neighborhood ag-
gregation module, which constructs a global graph to cap-
ture the overall structural relationships within point clouds.
We then propose a progressive context interaction module to
enhance feature discriminability by performing intra-domain
feature decoupling and inter-domain context interaction. Fi-
nally, we design a dynamic inlier selection method that op-
timizes inlier weights using residual information from mul-
tiple iterations of pose estimation, thereby improving the ac-
curacy and robustness of registration. Extensive experiments
on indoor RGB-D and outdoor LiDAR datasets show that the
proposed MCI-Net significantly outperforms existing state-
of-the-art methods, achieving the highest registration recall
of 96.4% on 3DMatch.

Code — http://www.linshuyuan.com

Introduction

Point cloud registration seeks to estimate the optimal trans-
formation between a pair of partially overlapping point
clouds and serves as a fundamental task in various 3D vi-
sion applications (Hu et al. 2024; Zhang et al. 2024; Lin
et al. 2022), such as reconstruction, tracking, and robotic
localization. Classical methods typically adopt a two-stage
paradigm: first, encoding geometric structures into feature
descriptors; then, establishing correspondences by matching
the most similar descriptors between the two frames.
Establishing robust and distinctive feature correspon-
dences is essential for high-quality point cloud registra-
tion. Recently, deep neural network—based methods (Ao
et al. 2021; Yu et al. 2023a) have been widely used
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Figure 1: Registration recall (RR) on 3DLoMatch and
3DMatch with 2,500 points. The proposed method signifi-
cantly outperforms all the state-of-the-art approaches.

for local feature extraction. However, most of these ap-
proaches rely on Euclidean geometry to define local neigh-
borhoods—typically using k-nearest neighbors or fixed-
radius search—which inherently limits their ability to cap-
ture high-level semantic and structural consistency. More-
over, relying solely on geometric neighborhoods to construct
local structures in point clouds presents further limitations.
These limitations hinder accurate feature extraction and the
establishment of reliable correspondences, ultimately reduc-
ing the robustness and accuracy of registration. To address
these challenges, recent studies have employed hyperbolic
feature embedding (Xie et al. 2024; Ermolov et al. 2022)
to enhance the modeling of implicit semantic relationships
in point clouds. Other works have introduced local atten-
tion mechanisms (Lai et al. 2022; Fan et al. 2022; Lai et al.
2022; Lin et al. 2024) to assign varying levels of importance
to each point’s neighbors, thereby suppressing noise and
emphasizing key features. Neighborhood learning methods,
such as (Lu et al. 2021), use networks to learn the weights
of neighbors within geometric clusters and aggregate them
accordingly to improve representation quality. While these
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Figure 2: Architecture of the proposed MCI-Net. Given point clouds P and (), patch-level and point-level features are first
extracted using the PAConv-based feature pyramid network (Yao et al. 2024). The extracted patch features are embedded into
coordinate and feature spaces, and then processed by the multi-domain context integration module, where GNAM captures
global structural relationships, and PCIM decouples and fuses contextual information across domains to enhance feature dis-
criminability. The patch-to-point matching strategy is used to obtain point correspondences. Finally, the dynamic inlier selection
method iteratively updates correspondence weights to progressively refine the inlier set, yielding the final pose estimation (R, t).

methods have improved the robustness and adaptability of
local features, they remain constrained by geometric space
modeling and fail to overcome the semantic expressiveness
limitations of Euclidean neighborhoods.

Consequently, there remains a critical need for neighbor-
hood construction strategies that can capture global struc-
tural patterns and implicit semantic relationships beyond lo-
cal geometric constraints. Inspired by recent advances in im-
age matching (Dai et al. 2022; Zhao et al. 2021; Liu et al.
2024; Luanyuan et al. 2024), we propose the multi-domain
context integration network (MCI-Net) for robust point
cloud registration. First, we propose the graph neighbor-
hood aggregation module (GNAM) that effectively cap-
tures structural relationships within point clouds by con-
structing a global graph. Second, we design the progressive
context interaction module (PCIM) that combines intra-
domain feature decoupling and inter-domain context inter-
action to enhance feature representation across spatial do-
mains. Finally, we propose the dynamic inlier selection
method (DISM) that continuously optimizes the correspon-
dence weights by integrating historical residuals from pose
estimation, thereby adaptively highlighting reliable corre-
spondences and suppressing outliers. As shown in Figure 1,
MCI-Net achieves the best RR compared to other compet-
ing methods in different overlapping scenes. An overview
of the MCI-Net architecture is shown in Figure 2, and the
main contributions of this paper are as follows:

* We propose MCI-Net, integrating multi-domain contex-
tual information to effectively improve feature represen-
tation and registration performance.

* We propose GNAM that constructs a global graph to cap-
ture holistic structural relationships within point clouds.
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* We propose PCIM that leverages intra-domain feature
decoupling and intra-domain context interaction to en-
hance the representational and discriminative power of
features through contextual information.

* We propose DISM that dynamically refines matching
weights by incorporating historical residual information
from multiple rounds of pose estimation, significantly
improving registration accuracy and robustness.

Related Work
3D Feature Descriptors

Feature-based matching establishes stable point correspon-
dences by comparing feature similarities between point
clouds, without requiring prior pose information. In recent
years, learning-based 3D descriptors have significantly out-
performed traditional handcrafted methods. PPFNet (Deng,
Birdal, and Ilic 2018b) and PPF-FoldNet (Deng, Birdal, and
Ilic 2018a) utilize point pair features (PPF) to represent local
structures and learn high-dimensional features through neu-
ral networks; yet these approaches still rely on handcrafted
geometric relationships, limiting their adaptability to com-
plex transformations such as rotations. To improve robust-
ness under rotational variations, SpinNet (Ao et al. 2021)
maps local surfaces to cylindrical coordinates and extracts
rotation-invariant local features using a 3D cylindrical con-
volutional network. Nevertheless, the expressive capability
of cylindrical parameterization is limited, making it difficult
to adapt to diverse geometric structures. YOHO (Wang et al.
2022) and RoReg (Wang et al. 2023) leverage group convo-
lution based on the icosahedral group to construct rotation-
equivariant and rotation-invariant feature descriptors. Due to
the requirement of extracting features under 60 different ro-



tations in the group structure, the overall computational cost
is extremely high, and the method is less adaptable to non-
uniformly distributed point clouds. Furthermore, RoITR (Yu
et al. 2023a) builds pose-invariant local geometric features
and aggregates them via multiple attention layers to achieve
rotation-invariant representations, but the use of multiple
attention layers leads to high computational and memory
overhead. PARE-Net (Yao et al. 2024) employs position-
aware rotation-equivariant convolution, explicitly incorpo-
rating spatial geometric information and rotation equivari-
ance to enhance feature distinctiveness and robustness; how-
ever, it primarily focuses on modeling local neighborhood
relationships, with limited capability for capturing global
structural information across the entire point cloud.

Although existing methods have achieved notable
progress in feature representation and robustness, most re-
main confined to Euclidean neighborhood modeling and fail
to capture global structural relationships in complex scenar-
ios. To overcome this limitation, this paper focuses on col-
laborative modeling across multiple spatial domains. By in-
tegrating geometric, feature, and global structural informa-
tion, the proposed approach enhances structural perception
and global consistency in point cloud matching, thereby sig-
nificantly improving registration robustness.

3D Transformation Estimators

During the matching process between point pairs, the es-
timated correspondences often contain noise and outliers.
As a result, a robust 3D transformation estimator is essen-
tial. The classical RANSAC algorithm (Fischler and Bolles
1981) is widely used due to its simplicity, but it suffers from
limitations such as low accuracy and the need for many iter-
ations to converge, which hinder its effectiveness in high-
precision, real-time scenarios. DCP (Wang and Solomon
2019) addresses this by using differentiable singular value
decomposition (SVD) to estimate transformations based on
soft correspondences derived from feature similarity. Its
one-shot assignment strategy remains sensitive to ambigu-
ous or noisy matches. More recently, coarse-to-fine corre-
spondence learning methods have gained attention for their
ability to refine matches in stages and improve robustness.
CoFiNet (Yu et al. 2021) introduces both self-attention and
cross-attention layers in the coarse matching stage to learn
descriptor correspondences, followed by optimal transport
for fine matching. The matching process primarily relies
on feature similarity and lacks geometric structural aware-
ness. As a result, in scenarios with highly repetitive or sym-
metric structures, it is prone to significant matching ambi-
guity and a large number of outlier correspondences. Geo-
Trans (Qin et al. 2022) enhances local-to-global registration
and pose estimation by embedding geometric structure into
the self-attention mechanism to improve feature representa-
tion. However, when structural distinctiveness is weak or the
data is noisy, the method struggles to filter out incorrect cor-
respondences, which compromises registration robustness.
However, the aforementioned methods typically rely on
correspondences generated in a single pass for pose es-
timation, making it difficult to effectively eliminate noise
and outliers. In contrast, the strategy proposed in this paper
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adopts an iterative optimization approach. By incorporating
a history-aware weight update mechanism, the method pro-
gressively refines the inlier set, leading to more robust and
accurate 3D transformation estimation.

Methodology

Given two partially overlapping point clouds P = {p; €
R¥|i=1,...,NtandQ = {¢; e R* | j = 1,...,M},
the point cloud registration problem seeks the optimal rigid
transformation that minimizes the weighted sum of point-
to-point errors of a predicted correspondence set C', where
each correspondence (py, gx) is associated with a confidence
weight wy. The transformation can be computed as follows:

min Y0 wil[ R+t - a3, )
(Pr,ar)€C

where || - ||2 denotes the Euclidean norm, and R € SO(3)
and t € R® represent the rotation and translation between P
and @, respectively.

Graph Neighborhood Aggregation

To address the limitations of geometric neighborhood con-
struction in capturing structural and semantic consistency in
point clouds, we propose GNAM, which constructs a global
graph using optimized graph convolutions and further per-
forms adaptive neighborhood aggregation based on the con-
structed global graph.

Global Graph Construction. Specifically, Let %' denote
the embedded features of each point generated by the fea-
ture embedding layer. These features are then fed into a
prediction layer for probabilistic modeling, resulting in a
local probability set WV;. We then define the global graph
Gy = {V,, E,}, where W, serves as the node set V of the
global graph, and the edge set F, consists of directed con-
nections between each node and its spatial neighbors. Based
on these node features, we construct a weighted adjacency
matrix A via an outer product operation—i.e., using the cor-
relation of W, to measure relationships between nodes in
the graph—and incorporate an identity matrix I to preserve
self-connections. These operations can be expressed as:

W, = ReLU(tanh(MLP(FX))), 2)

A=wW +1, 3)
where MLP(-) is a linear layer used to reduce the channel di-
mension to 1. The activation functions tanh(-) and ReLU(:)
are used to compute the weights; a higher weight indicates
a stronger correlation between connected points. Finally, we
adopt a spectral graph convolutional layer (Zhao et al. 2021;
Kipf and Welling 2016) as the global graph relationship

modeler, yielding the global graph:
F, = o(LF"), )

where L D=2 AD~% is the graph Laplacian used to
project the original features into the spectral domain. D =

diag <Z j flij) denotes the degree matrix of A, and o rep-
resents the ReLLU(-) activation function.



Adaptive Neighborhood Aggregation. After constructing
the global graph, it is necessary to effectively mine con-
sensus information within neighborhood. Specifically, for
each node p;, we construct a local neighborhood cluster
G ={p, }fil in global graph based on the similarity prin-
ciple of K-nearest neighbors. Standard pooling operators are
typically used to aggregate features within the neighborhood
cluster. However, such operations may discard important un-
derlying relationships between graph nodes. To address this,
we aggregate neighborhood information in the global graph
using adaptive neighborhood weights:

Qi = Softmax(MLP(Concat[Fi, F; — Fij]))7

Fe= ) ayFy,

pj€gz‘

&)
(6)

where F; and F;; are the feature representations of the cen-
tral point p; and its j-th spatial neighbor in the neighborhood
cluster, respectively. The edge feature Concat[F;, F; — F;;]
of the neighborhood cluster is first passed through an MLP,
followed by a Softmax function to compute the neighbor-
hood attention weights c;;. The neighborhood features F;;
are then weighted and summed using these attention weights
to generate the computed aggregated feature 7 for the cen-
tral point 7. The final feature representation of the global
graph is composed of the aggregated features F< for all
points, denoted as F G This mechanism enables each node
to effectively perceive features of surrounding points that
are structurally consistent with it by adaptively aggregating
neighborhood information in the global graph. As a result, it
enhances both the structural consistency and discriminative
power of the feature representation.

Progressive Context Interaction

To better exploit local-global contextual dependencies
across multiple domains, we propose PCIM that enables
contextual interaction at both intra-domain and inter-domain
levels. At the intra-domain level, features are decomposed
into components aligned with global features and residual
components, allowing for the decoupling and joint modeling
of local and global information. At the inter-domain level,
we employ an inter-domain cross-attention to fuse contex-
tual information from different domains, thereby further en-
hancing the representational capacity of features.
Intra-Domain Feature Decoupling. Let {F¢, FF' F&}
denote the three feature sets from the coordinate space, fea-
ture space, and global graph, respectively, and let C; rep-
resent a feature vector in a specific space domain. To con-
struct global contextual information, we first perform global
average pooling over all point features to obtain a global
feature representation C,. To incorporate global context
while preserving local structural information, we explicitly
decompose each point’s feature into a projection compo-
nent aligned with the global feature and a residual compo-
nent, thereby enabling structural decoupling and collabora-
tive modeling of local and global information:

_Ci'cg

= L IC
B [CP

(N
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Figure 3: The proposed intra-domain feature decoupling.
Features are decomposed into global-aligned and residual
parts, and the residual is then concatenated with the global
feature to capture both local details and global context.

®)

Here, C!" denotes the projection component of the local
feature onto the global feature, while C;*° represents the
residual component that captures local information indepen-
dent of the global context. We then concatenate the resid-
ual component C!** with the global feature C, to form the
decoupled feature for the given space domain, construct-
ing a unified representation that integrates both local struc-
tural integrity and global contextual awareness. The over-
all structure is illustrated in Figure 3. Finally, we adopt a
parallel architecture to independently model the features of
each space domain, with the resulting features represented
as {CY, CF C%} e RV*4,

Inter-Domain Context Interaction. Since features from
different domains capture diverse structural relationships
and contextual information within the point cloud, we adopt
a grouped approach to enable information complementarity
and collaborative fusion across multi-domain features. As
shown in Figure 4, we construct three parallel inter-domain
cross-attention branches, each using one domain feature as
the core while leveraging the other two to compute cross-
attention. This enables selective information enhancement
for the dominant feature. Taking the first branch as an exam-
ple, its update process is formulated as:

res __ . Pl
e =C; — CP™,

¥ = Softmax (¢g(CF) - ¢ (CY)T), )

YC =C%+ X\ MLP (¥ ¢y (CY)),

where U denotes the attention weight matrix computed from
the other two feature mappings, and ¢, ¢, ¢y represent
feature mapping modules consisting of linear layers, nor-
malization, and activation functions. A is a learnable param-
eter initialized to 0. Similarly, the second and third branches
produce the interaction features Y and Y, respectively.
Finally, we concatenate these three features along the chan-
nel dimension to form the overall output, achieving unified
modeling of multi-neighborhood contextual information.

(10)

Patch-to-Point Matching

To construct the matching pipeline, we adopt a coarse-to-
fine strategy (Yu et al. 2021; Qin et al. 2022), which divides
the point cloud matching task into two stages. First, patch-
level features are used for coarse filtering of the point clouds
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Figure 4: The proposed inter-domain context interaction. It
contains three parallel inter-domain cross-attention (ICA)
branches for contextual information fusion across domains.

to identify potential overlapping regions, significantly re-
ducing the search space for matching. Then, within the fil-
tered candidate regions, fine-grained matching relationships
are further estimated based on point-level features.

Patch Matching. For the source point cloud P and the tar-
get point cloud @), initial patch-level features X(P) and X(@)
are first extracted using the feature pyramid backbone. These
features are then further enhanced by the multi-domain con-
text integration module to obtain F(P) and F(@), respec-
tively. We use the GeoTrans method (Qin et al. 2022) to pro-
cess these two sets of features, along with positional infor-
mation, by passing them through alternating self-attention
and cross-attention layers, thereby generating the mixed fea-
tures H(®) and H(@). A Gaussian correlation matrix Smn
is then computed for the mixed features. After normalization
and top-k selection, we obtain the patch correspondence set

C = {(Di,a)) | (i,5) € Topk,, , (Sm.n) }-
Point Matching. After obtaining the patch correspondences
(Pi, 4;), we construct a similarity matrix based on the

C=

point-level features F? and FQs within the corresponding
patch regions (G5, G5 j).

FP FQi
7.7 a
P
\/Ek 1 F \/Zk 1

where d denotes the feature dimension. Then, the simi-
larity matrix M/, ; is normalized using the Sinkhorn algo-
rithm (Sinkhorn and Knopp 1967) to obtain a soft assign-
ment matrix Z;. To ensure bidirectional reliability between
point pairs, we retain only those point pairs that rank within
the top-k scores in both the rows and columns of Z;, forming
the point matching set C; within the current patch. Finally,
the local results of all N, patch palrs are aggregated into the

global point-level matching set C= UZ 1 C.

(11)

m ©>

Loss Function. Following (Yao et al. 2024), we employs
three loss functions to jointly optimize network training: the
patch matching 108s Lpach, the point matching 10ss Lpoins,
and the contrastive rotation loss L. The overall loss is de-
fined as £ = Epatch + Epoim + Lio.
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Dynamic Inlier Selection

Accurate pose estimation requires identifying reliable cor-
respondences under ambiguous structures. To this end, we
propose DISM to initialize weights jointly based on match-
ing confidence and geometric consistency, and iteratively re-
fine them using residual feedback.

Weight Initialization. Due to geometric similarities be-
tween local regions, multiple candidate matches with similar
features often emerge, leading to matching ambiguities. To
mitigate this, we introduce geometric compatibility as a sim-
ple yet effective consistency measure, based on the principle
that the distance between point pairs should remain consis-
tent before and after transformation (Bai et al. 2021; Lee
et al. 2021). For each point-wise correspondence (p;, q,)
established in the point matching set C, the initial weight
ngq) is determined jointly by the matching confidence and
the geometric compatibility matrix:

d2.
w(O ﬁu ’Yz]v/BL] = max (07 1- ;;) , (12)

where ~;; denotes the confidence of correspondence. The
geometric compatibility matrix 8;; measures the geometric
consistency between matched correspondences. d;; repre-
sents the distance difference between the source and target
correspondence, and ¢ is a threshold parameter that controls
the tolerance for length differences.

History-Aware Iterative Pose Estimation. To improve the
robustness of pose estimation, we design an iterative opti-
mization strategy incorporating a history-aware mechanism.
In each iteration, we perform weighted SVD based on the
current weighted consensus set to update the rigid trans-
formation parameters. The weights of the correspondences
are then adjusted according to the current rotation residu-
als, thereby reducing the influence of potential mismatches.
Specifically, let R(™) denote the rotation estimate obtained
at the n-th iteration. The rotation residual between two con-
secutive estimates is expressed as:

6" — Angle (RW*D, 1-?1(")) , (13)

where Angle(:, -) measures the angular difference between
two rotation matrices, indicating the degree of change in
the estimation. Since early iterations may produce unsta-
ble estimates, we introduce an iteration-dependent histori-
cal weighting mechanism to control the influence of each
residual on the final weight update. The weight at the n-th
iteration is updated as:

Y Lo (-5

where F(k) = 2k/(m(m + 1)) is a normalized historical
weight function that determines the influence of each resid-
ual, with m being the total number of iterations. The final
transformation is represented by T' = {R, t}, based on the
pose estimate from the last iteration. This strategy incorpo-
rates multi-round residual information and mitigates the im-
pact of unstable early estimates, thereby improving the ac-
curacy and robustness of pose estimation.

wl] 9(’0) (14)



3DMatch 3DLoMatch
Samples 5000 2500 1000 500 250 5000 2500 1000 500 250
Registration Recall (RR, %)

FCGF 85.1 84.7 833 81.6 71.4]|40.1 41.7 382 354 268
Predator 89.0 89.9 90.6 885 86.6|359.8 612 624 60.8 58.1
YOHO 90.8 90.3 89.1 88.6 84.5| 652 655 632 56.5 48.0
GeoTrans 920 91.8 91.8 914 912|750 748 742 741 735
RolTr 91.9 91.7 918 914 91.0| 747 748 748 742 736
PEAL 944 94.1 941 939 934|792 79.0 788 785 779
SIRA-PCR | 93.6 939 939 927 924|735 739 73.0 734 71.1
Diff-Reg 95.0 73.8

DCATr 926 924 922 919 916|768 764 757 751 73.7
Cross-PCR | 945 942 942 943 940|737 739 741 742 74.1
PSReg 957 949 951 950 952|793 793 787 787 784
MCI-Net 964 964 96.6 96.5 96.6 | 79.7 79.7 799 79.6 79.5

Inlier Ratio (IR, %)

FCGF 56.8 54.1 4877 425 34.1| 214 200 172 148 116
Predator 58.0 584 57.1 54.1 493|267 28.1 283 275 258
YOHO 64.4 60.7 557 464 41.2]259 233 226 182 150
GeoTrans 719 752 760 822 85.1|435 453 462 529 577
RolTr 82.6 82.8 83.0 830 830|543 546 551 552 553
PEAL 748 813 86.0 879 89.2]49.1 354.1 605 63.6 650
SIRA-PCR | 70.8 783 83.7 859 874|433 49.0 559 588 60.7
Diff-Reg 30.9 9.6

DCATr 87.6 86.5 847 81.0 765 62.1 603 579 533 484
Cross-PCR | 88.7 88.7 88.7 88.7 88.7| 659 659 659 659 659
PSReg 75.8 824 87.1 889 90.0|499 555 619 645 663
MCI-Net 88.8 88.9 89.8 90.6 91.1| 66.0 66.1 67.2 68.0 68.7

Feature Matching Recall (FMR, %)

FCGF 974 973 97.0 96.7 96.6|76.6 754 742 71.7 673
Predator 96.6 96.6 96.5 963 96.5|78.6 774 763 757 753
YOHO 982 97.6 975 97.7 96.0| 794 78.1 763 73.8 69.1
GeoTrans 979 979 979 979 97.6| 883 88.6 88.8 88.6 88.3
RolTr 98.0 98.0 979 98.0 97.9| 89.6 89.6 89.5 894 89.3
PEAL 984 984 984 984 984|877 878 87.8 83.0 874
SIRA-PCR | 98.2 984 984 985 98.5|88.8 89.0 889 88.6 877
Diff-Reg 96.2 69.6

DCATr 98.2 983 984 98.0 98.1|87.7 875 877 872 874
Cross-PCR | 97.9 97.7 979 97.7 97.7| 835 83.3 831 83.1 834
PSReg 98.6 98.6 98.6 98.6 98.6| 86.4 86.6 87.1 874 87.1
MCI-Net 984 984 984 984 985|851 851 851 851 850

Table 1: Evaluation results on 3DMatch and 3DLoMatch.
The best and second-to-best results of baseline methods are
respectively marked in bold and underlined.

Experiments

In this section, we evaluate the proposed method against var-
ious advanced methods on multiple benchmark datasets, in-
cluding indoor RGB-D point cloud datasets 3DMatch (Zeng
et al. 2017) and 3DLoMatch (Huang et al. 2021), and out-
door LiDAR point cloud dataset KITTI Odometry (Geiger,
Lenz, and Urtasun 2012). In addition, we have performed
comprehensive ablation studies. All experiments are con-
ducted on Ubuntu 18.04 with a single Nvidia RTX3090.

Indoor Scenarios: 3DMatch and 3DLoMatch

Dataset. The proposed MCI-Net is evaluated on the indoor
point cloud registration benchmark datasets 3DMatch (Zeng
et al. 2017) and 3DLoMatch. According to (Huang et al.
2021), 3DMatch consists of point cloud pairs with over-
lap ratios above 30%, while 3DLoMatch contains pairs with
overlap ratios ranging from 10% to 30%.

Metrics. Following (Bai et al. 2020; Qin et al. 2022), we
report inlier ratio (IR), feature matching recall (FMR), and
registration recall (RR) as evaluation metrics.

Registration Results. In Table 1, we compare the cor-
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Methods | RRE(°) RTE(ecm) RR(%) | Time (s)
FCGF 0.30 9.5 96.6 0.18
D3Feat 0.30 7.2 99.8 -
Predator 0.27 6.8 99.8 0.69
SpinNet 0.47 9.9 99.1 14.57
CoFiNet 0.41 8.2 99.8 0.65
BUFFER 0.26 7.1 99.8 0.30
GeoTrans 0.23 6.2 99.8 0.31
MCI-Net 0.23 5.0 99.8 0.23

Table 2: Evaluation results on KITTI Odometry. The best
and second-to-best results of baseline methods are respec-
tively marked in bold and underlined.

respondence results of MCI-Net with those of other re-
cent methods, such as FCGF (Choy, Park, and Koltun
2019), Predator (Huang et al. 2021), YOHO (Wang et al.
2022), GeoTrans (Qin et al. 2022), RolTr (Yu et al. 2023a),
PEAL (Yu et al. 2023b), SIRA-PCR (Chen et al. 2023), Diff-
Reg (Wu et al. 2024), DCATr (Chen et al. 2024), Cross-
PCR (Zhao et al. 2025), and PSReg (Huang et al. 2025), un-
der varying numbers of correspondences (i.e., 5000, 2500,
1000, 500 and 250). Compared to these methods, MCI-Net
demonstrates significant improvements in RR and IR on
both the 3DMatch and 3DLoMatch datasets. In terms of RR,
this metric directly reflects the registration success rate and
is often considered the most critical metric. MCI-Net con-
sistently achieves the highest RR under varying sampling
densities, owing to its ability to learn contextual information
from multiple domain spaces, effectively addressing the lim-
itations of methods that rely solely on geometric positions
for feature extraction. In terms of IR, MCI-Net outperforms
all existing methods across all sampling density settings.
This improvement is largely attributed to our DISM, which
dynamically increases the weights of high-confidence inliers
during the iterative process, preserving true correspondences
while suppressing noise and mismatches. In terms of FMR,
MCI-Net performs comparable to PSReg and PEAL on the
3DMatch dataset. It is important to note that PSReg and
PEAL require additional prior information about overlap,
whereas MCI-Net operates without any prior information.
However, in extremely low-overlap scenarios (e.g., 3DLo-
Match), the sparse nature of the data makes it challenging to
extract sufficient structural cues and reliable inliers, which
results in a decrease in the FMR metric for MCI-Net.
Qualitative Results. We present qualitative results in Fig-
ure 5, where our results are compared with GeoTrans (Qin
et al. 2022). The results show that MCI-Net achieves higher
inlier ratios (IR) for correspondences on both the 3DMatch
and low-overlap 3DLoMatch datasets, and demonstrates
more accurate registration results.

Outdoor Scenarios: KITTI Odometry

Dataset. KITTI Odometry (Geiger, Lenz, and Urtasun 2012)
is a widely used outdoor benchmark dataset captured by Li-
DAR sensors for autonomous driving applications. Follow-
ing (Bai et al. 2020; Qin et al. 2022), we use sequences 0-5
for training, 67 for validation, and 8-10 for testing.

Metrics. Following prior work (Huang et al. 2021), we em-
ploy three metrics to evaluate: relative rotation error (RRE),
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3DLoMatch

(a) Input

(b) GeoTrans

(¢) MCI-Net

Registration

Overlap:31.0%

(d) GeoTrans

(e) MCI-Net

(f) GT Alignment

Figure 5: Qualitative results on 3DMatch and 3DLoMatch datasets. Columns (b) and (c) show the correspondences, while
columns (d) and (e) demonstrate the registration results. Green/red lines indicate inliers/outliers.

3DMatch 3DLoMatch
No. | Methods RR IR FMR | RR IR FMR
(1) | Full Model (Ours) | 96.4 88.8 984 | 79.7 659 85.1
(2) | wio GNAM 952 879 980 | 789 658 850
(3) | wloIFD 953 881 98.1 | 793 658 85.1
4) | wlolICI 957 883 983 | 795 657 850

Table 3: Ablation studies of MCI-Net.

relative translation error (RTE) and registration recall (RR).
Registration Results. We evaluate our performance by
comparing experimental results with recent methods, in-
cluding FCGF (Choy, Park, and Koltun 2019), D3Feat (Bai
et al. 2020), Predator (Huang et al. 2021), SpinNet (Ao
et al. 2021), CoFiNet (Yu et al. 2021), BUFFER (Ao et al.
2023), and GeoTrans (Qin et al. 2022). The quantitative
results are shown in Table 2 and demonstrate that MCI-
Net achieves leading performance on the KITTI Odome-
try dataset. Specifically, MCI-Net achieves the highest RR,
as well as the lowest RRE and RTE among all compared
methods. Furthermore, MCI-Net delivers outstanding run-
time performance. Although FCGF achieves slightly faster
runtime than MCI-Net, its RR is 3.2% lower than MCI-Net.
The experimental results demonstrate that MCI-Net gener-
alizes well to outdoor datasets.

Ablation Studies

Graph Neighborhood Aggregation Module (GNAM): As
shown in Table 3 (2), we remove GNAM results in a notice-
able drop in performance. This validates the effectiveness of
our approach in enhancing global structural awareness and
improving registration robustness.

Intra-Domain Feature Decoupling (IFD): As shown in Ta-
ble 3 (3), we remove the intra-domain feature decoupling
module, which limits the ability of the model to fully exploit
the synergy between local structure and global context. This
results in limited feature representation and a substantial de-
cline in registration accuracy.

Inter-Domain Context Interaction (ICI): We replace the
intra-domain cross-attention with independent self-attention
in each domain, thereby removing explicit fusion among
features from different domains. As shown by the perfor-
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3DMatch 3DLoMatch
Pose Estimator RR RRE RTE RR RRE RTE
RANSAC 94.6 2.29 0.072 78.8 3.51 0.103
LGR 94.9 1.88 0.060 79.1 2.88 0.086
DISM (Ours) 96.4 1.72 0.054 79.8 2.63 0.075

Table 4: Ablation studies of pose estimator.

mance drop in Table 3 (4), this ablation demonstrates that
employing intra-domain cross-attention to fuse contextual
information from different domains further enhances feature
representation and registration robustness.

Pose Estimator: To demonstrate the superiority of our pro-
posed pose estimator, we compare our DISM with two clas-
sical baselines: RANSAC (Fischler and Bolles 1981) and
LGR (Qin et al. 2022). As shown in Table 4, MCI-Net
achieves consistently competitive performance across all
evaluation metrics on both the 3DMatch and 3DLoMatch
datasets. These results validate that, compared to traditional
pose estimation methods, the proposed method offers signif-
icantly better robustness and accuracy.

Conclusion

In this paper, we propose MCI-Net, the multi-domain con-
text integration network designed to enhance feature rep-
resentation and registration performance. To capture the
overall structural relationships of point clouds, we pro-
pose GNAM within the constructed global graph. To en-
hance the contextual representation and discriminative ca-
pability of features, we propose PCIM, which decouples
intra-domain features and fuses inter-domain contexts across
spatial scales. Moreover, we propose DISM that iteratively
refines inlier weights by incorporating historical residuals
from pose estimation, effectively enhancing registration reli-
ability and robustness. Extensive experiments on indoor and
outdoor benchmarks show that MCI-Net significantly out-
performs recent competing methods. However, in extremely
low-overlap scenarios, MCI-Net still faces certain limita-
tions in registration performance due to the scarcity of struc-
tural cues and reliable inliers. In future work, we plan to fur-
ther explore its potential and scalability in large-scale point
cloud scenarios and more diverse processing tasks.
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