Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)

GPI-Net: Gestalt-Guided Parallel Interaction Network via Orthogonal Geometric
Consistency for Robust Point Cloud Registration

Weikang Gu' , Mingyue Han', Li Xue! and Heng Dong® and Changcai Yang' and Riqing
Chen' and Lifang Wei!
ICollege of Computer and Information Science, Fujian Agriculture and Forestry University

2School of Computing and Information Science, Fuzhou Institute of Technology
gwk154137@163.com, mingyue.han@ 163.sufe.edu.cn, 395391275 @qq.com,

changcaiyang @ gmail.com, {52311049004, riging.chen, weilifang0028 } @fafu.edu.cn

Abstract

The accurate identification of high-quality corre-
spondences is a prerequisite task in feature-based
point cloud registration. However, it is extremely
challenging to handle the fusion of local and global
features due to feature redundancy and complex
spatial relationships. Given that Gestalt princi-
ples provide key advantages in analyzing local and
global relationships, we propose a novel Gestalt-
guided Parallel Interaction Network via orthogonal
geometric consistency (GPI-Net) in this paper. It
utilizes Gestalt principles to facilitate complemen-
tary communication between local and global in-
formation. Specifically, we introduce an orthogonal
integration strategy to optimally reduce redundant
information and generate a more compact global
structure for high-quality correspondences. To cap-
ture geometric features in correspondences, we
leverage a Gestalt Feature Attention (GFA) block
through a hybrid utilization of self-attention and
cross-attention mechanisms. Furthermore, to facil-
itate the integration of local detail information into
the global structure, we design an innovative Dual-
path Multi-Granularity parallel interaction aggre-
gation (DMG) block to promote information ex-
change across different granularities. Extensive ex-
periments on various challenging tasks demonstrate
the superior performance of our proposed GPI-Net
in comparison to existing methods. The code will
be released at https://github.com/gwk/GPI-Net.

1 Introduction

The point cloud is now the predominant data format for the
representation of the 3D world. In addition, a variety of point
cloud processing algorithms have been designed for diverse
applications, such as simultaneous localization and map-
ping [Xue and Lv, 2022], autonomous driving [Okuyama
et al., 2018], and robotics [Zhou et al., 2022]. Sensors like
LiDAR [Zhao er al., 2024] and Microsoft Kinect [Yang et
al., 2016] are capable of generating point clouds directly.
However, due to their limited line of sight, these sensors
must be repositioned to obtain data from multiple viewpoints.
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Figure 1: Visualization results of outlier removal. The green and red
lines highlight inliers and outliers, respectively. On account of the
power of our proposed GPI-Net to optimally aggregate local details
and global information across multiple granularities, it demonstrates
superior performance in identifying more inliers.

Point cloud registration has been developed to ensure the pre-
cise alignment of point clouds collected from different per-
spectives. Feature-based point cloud registration typically
starts by generating initial correspondences utilizing feature
descriptors, such as Fast Point Feature Histograms (FPFH)
[Rusu er al., 2009] and Fully Convolutional Geometric Fea-
ture (FCGF) [Choy er al., 2019]. Nevertheless, owing to the
lack of clarity in the feature descriptors and the ambiguity of
local features, the initial correspondences frequently contain
a substantial number of erroneous correspondences, giving
rise to inaccurate alignment. Consequently, developing a ro-
bust and high-accuracy outlier removal network is crucial for
increasing the inlier ratio and achieving accurate point cloud
registration.

In recent decades, researchers have proposed various ex-
cellent outlier removal methods, including RANSAC [Fis-
chler and Bolles, 1981], Spectral Matching (SM) [Leordeanu
and Hebert, 2005], Fast Global Registration (FGR) [Zhou et
al., 2016], CG-SAC [Quan and Yang, 2020], and TEASER
[Yang et al., 2021]. Although these methods are effective in
simple scenarios, they struggle to converge in complex scenes
with high outlier ratios. It brings about inaccurate alignment
under elevated outlier ratios. Recently, deep learning-based
outlier removal methods have improved the accuracy and ro-
bustness of point cloud registration with stronger feature rep-
resentation. Specifically, DGR [Choy er al., 2020] adopts a
feature embedding network to better extract global context
information. 3DRegNet [Pais ef al., 2020] introduces classi-
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fication and registration modules to recognize inliers. How-
ever, these methods rely solely on multilayer perceptrons and
simple sparse convolution to capture the contextual informa-
tion of correspondences, overlooking the importance of spa-
tial consistency among inliers in 3D space. To overcome
these challenges, PointDSC [Bai er al., 2021] incorporates
spatial consistency information to improve the accuracy of
point cloud registration. PG-Net [Wang et al., 2023] de-
signs a grouped dense fusion attention module to collect rich
contextual information and uses inlier probabilities to guide
the classification of initial correspondences. Although the
aforementioned methods perform well, they are insufficient
to grasp the relationship between local details and global in-
formation. Figure 1(a) and (b) show that these methods left
more outliers, which hinders effective complementarity and
interaction among correspondences and may leave excessive
redundant information. In summary, existing methods in-
evitably leave redundant information when exploring the rela-
tionship between local and global information, making it dif-
ficult to fully aggregate features and effectively capture more
contextual information. To tackle these challenges, this paper
proposes a novel Gestalt-guided Parallel Interaction Network
via orthogonal geometric consistency (GPI-Net) designed for
more robust and accurate outlier removal.

The Gestalt principles [Xu et al., 2018] are visual per-
ception principles that emphasize the superiority of whole
perception over local perception, where the meaning of the
whole is greater than the sum of the individual parts. In com-
puter vision, object recognition is not solely based on the
features of individual details but rather involves perceiving
their overall structure and context. Leveraging Gestalt princi-
ples, GPI-Net not only extracts comprehensive and effective
geometric features to support the acquisition of high-quality
correspondences but also facilitates the complementarity and
communication between local and global information, which
reduces the generation of redundant information. Specifi-
cally, we introduce an Orthogonal Integration (OI) strategy in
GPI-Net. The OI utilizes the spatial relationships of feature
vectors to better aggregate local and global information while
reducing redundancy during feature fusion. Then, we design
a Gestalt Feature Attention (GFA) block based on the closure
in Gestalt principles. The GFA accurately extracts geomet-
ric features of correspondences and effectively supplements
missing contextual information by alternately applying self-
attention [Gu et al., 2021] and cross-attention [Kuang et al.,
2023], leveraging the relationships between surrounding fea-
tures. Following the core ideas of the Gestalt principles, we
present a novel Dual-path Multi-Granularity parallel interac-
tion aggregation (DMG) block, which integrates contextual
information from multiple granularities to better acquire lo-
cal details and efficiently fuse them into global structural in-
formation. The GPI-Net boosts the differentiation between
inliers and outliers to enhance understanding the internal de-
pendencies of correspondences. Comprehensive experiments
on outlier removal and pose estimation tasks reveal that our
proposed framework exceeds existing methods.

We summarize the main contributions as follows.

* We propose a novel GPI-Net to address the feature re-
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dundancy and complex spatial relationships, optimally
guiding the classification of correspondences and allevi-
ating the impact of outliers on point cloud registration.

We incorporate Gestalt principles to guide GPI-Net in
accurately identifying inliers on outlier removal task by
emphasizing the superiority of whole perception over lo-
cal perception.

We design the OI and GFA to reduce redundant infor-
mation by the spatial geometric features of correspon-
dences, respectively. The DMG integrates spatial infor-
mation across granularities via bidirectional hierarchical
interaction, further enhancing the efficient fusion of lo-
cal and global information.

2 Related Works

In this section, we briefly introduce some point cloud regis-
tration and outlier removal methods.

2.1 Point Cloud Registration

Iterative Closest Point (ICP) [Besl and McKay, 1992] is a
classical traditional point cloud registration algorithm. The
core idea of ICP is to iteratively optimize the objective func-
tion employing least squares to estimate the optimal rigid
transformation. ICP is a more suitable choice when the point
cloud already has good initial alignment or when there are
fewer outliers in the scene. Nevertheless, traditional methods
struggle to balance registration accuracy and computational
cost. As a result, deep learning techniques have emerged to
address these challenges. PointNet [Charles et al., 2017] pro-
poses a groundbreaking work that utilizes neural networks to
extract features from point cloud. The core idea of PointNet
is to employ symmetric functions to process unordered point
cloud. However, PointNet has some limitations, particularly
in extracting local geometric information. It neglects the local
structure of point clouds and fails to fully utilize local infor-
mation. On the basis of the limitations of PointNet in local
feature learning, PointNet++ [Qi et al., 2017] is presented
to improve the network’s ability to perceive local structures
and extract multi-scale features. By introducing a hierarchi-
cal feature extraction structure, PointNet++ effectively over-
comes the shortcomings of PointNet in local feature learning
and multi-scale feature representation.

2.2  Outlier Removal

RANSAC [Fischler and Bolles, 1981] achieves its goal by re-
peatedly selecting a random subset of the data. The selected
subset is assumed to consist of inliers and the least-squares
method is utilized for model fitting. Numerous RANSAC
variants have introduced new sampling strategies and local
optimization techniques to improve robustness. For instance,
Locally Optimized RANSAC (LO-RANSAC) [Chum et al.,
2003] enhances robustness in the presence of local outliers
by processing local data regions. However, RANSAC and its
variants typically rely on random sampling and model eval-
uation, bringing about slow convergence and low accuracy.
DHVR [Lee et al., 2021] employs a decoupled multi-model
fitting architecture based on deep Hough voting, separating
and sequentially estimating rotation and translation. PG-Net
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Figure 2: The framework of our proposed GPI-Net. GPI-Net takes the initial correspondences as input and generates V. transformation
matrices. It selects the optimal transformation matrix based on the number of inliers, achieving precise point cloud alignment. The OI, GFA,
and DMG form the key components of GPI-Net.

[Wang et al., 2023] designs a grouped dense fusion attention ~ High-confidence correspondences are identified as seeds, and
module to gather rich contextual information and an iterative  each seed obtains a consensus set in the metric space. Fol-
structure to guide the classification of initial correspondences lowing the Two-Stage NSM [Wang er al., 2023], each con-

via inlier probabilities. However, these networks are insuf- sensus set produces a transformation matrix R/, t’. Through
ficient to grasp the spatial relationship between local details GPI-Net, we obtain N, rigid transformation set Rty =
and global information. Meanwhile, gathering spatial infor-  {(R7,t}); (R3,t5);...; (Rly,,t)y )}, and the best transfor-
mation at multiple granularities remains highly challenging.  mation matrix R, tT. The selection strategy is based on the
In this paper, our proposed GPI-Net uses a dual-path paral- number of correct correspondences to evaluate the quality of
lel interaction strategy with Gestalt principles, achieving ex-  each transformation matrix. The transformation result of Rf

change between local and global information across different and t' is computed from the given set:
granularities to improve pose estimation performance.

N
Rit" = argmax Y [|R'p; +t —pi| <3],

3 Method (R/t')ERber 57
In the following parts, we first introduce the problem formu- where [-] is the Iverson bracket, ¢ represents a predefined
lation, then provide an overview of our proposed network,  threshold for the inlier, and |-|| denotes the Euclidean norm.

followed by a detailed explanation of each block. .
3.2 Overview

3.1 Problem Formulation Our GPI-Net is shown in Figure 2. Initially, we input N pairs
Point cloud registration aims to align two partially overlap- of initial correspondences into our proposed GPI-Net. The
ping point clouds, P = {p; € R® | k = 1,2,...,N} and  contextual embedding module [Wang et al., 2023] maps the
P, = {p§ € R | j =1,2,...,M}, into the same coor- initial correspondences into a high-dimensional feature space

dinate space by finding the transformation matrix between and preliminarily extracts contextual information through
them. Firstly, we extract keypoint features from the point grouped feature fusion. Next, the OI effectively filters out
clouds via local descriptors (such as FPFH and FCGF) and  redundant information generated during feature aggregation
generate the initial correspondences set C' from these features by orthogonal integration. Then, the GFA leverages self-
through nearest-neighbor search. attention and cross-attention to further gather the geometric
Nx6 st features of correspondences in high-dimensional space, en-
C={enc. . on} €RTE, 6 =(pip;) € () riching the contexrt)ual informationg. On this basis, tll)le DMG
where ¢; is the ith initial correspondence. p; € Ps and p} €  collects features and facilitates information exchange across
Py represent the spatial coordinates of the keypoints in the  different granularities through a dual-path parallel interaction
source and target point clouds. N is the number of initial strategy, promoting the complementarity and interaction be-
correspondences. tween local and global information. Subsequently, the seed
Next, the initial correspondences are mapped to the prob- selection module identifies high-quality correspondences. Fi-
ability that each correspondence is an inlier in the feature  npally, the Two-Stage NSM module is used to estimate the op-
space, obtaining high-quality correspondences. At last, the timal point cloud transformation matrix.
high-quality correspondences are utilized to estimate the rigid

transformation matrix, achieving point cloud registration. 3.3 Orthogonal Integration (OI)
Specifically, GPI-Net learns the probability of each corre- To develop robust interactions between local details and
spondence being an inlier in high-dimensional feature space. global structures, we provide a feature map F' = { fp}i)\;l,
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where N represents the number of correspondences. It is nec-
essary to gain global features, which are commonly obtained
via global average pooling. However, this approach is unsuit-
able for the outlier removal task, on the ground that global
average pooling assigns equal importance to each correspon-
dence, while outliers have a detrimental effect on the network.
To tackle this challenge, we adopt a weighted global aver-
age pooling to gather global features as shown in Figure 2(b).
Specifically, we first map the feature map F to the inlier prob-
ability w of each correspondence by convolution. The proba-
bility value measures the importance of each correspondence
within the network, guiding it to embed stronger global con-
textual information. The process is formalized as follows:

N

Fy=6Fw) =Y —t—

N
p=1 Zq:l Wq

here, & represents the weighted global average pooling op-
eration. Then, we pass F}; through a bottleneck layer con-
sisting of two 1D convolutional layers to further generate a
more robust global feature FqT . Following this, we consider
how to more optimally fuse local and global features while
minimizing redundant information. Traditional methods sim-
ply employ operations like concatenation or element-wise ad-
dition, yet these methods frequently introduce considerable
redundancy. Therefore, we apply orthogonal integration to
achieve more compact feature aggregation. Specifically, we
compute the projection of F in the direction of F77, denoted
as Frojection- Mathematically, the projection is as follows:

oty pr 4
T @

fps 3

Fpmjection =

Owing to the difference in orthogonal components between
the feature F' and the projection vector Fpgjection, We further
obtain the more crucial local detail feature map f within F,
guided by the feature information in Fjgjection- The process is
written as follows:

f =F- Fprojection~ Q)

By this way, we gather a more crucial local information
feature map from F, generating a more robust local feature
representation f. The f not only contains more detailed feature
information among correspondences, but also significantly
reduces the interference of redundant information. Subse-
quently, we perform a concatenation operation between the
f and FJ, followed by the convolutional layer to produce a
more compact global feature representation F,,. The process
is formalized as follows:

F, = Convl(Cat(f,F})) + F, (6)

where Convl(-) indicates a convolution kernel with a size of
Ix1. Through Equation (6), the network precisely captures
the critical features of the task while maintaining optimal in-
formation representation capabilities through efficient inte-
gration of both local and global information.

3.4 Gestalt Feature Attention (GFA)

To comprehensively collect the geometric features among
correspondences, we leverage the core idea of the Gestalt
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principles: holistic perception is superior to local percep-
tion. As illustrated in Figure 2(c), we integrate self-attention
and cross-attention mechanisms to identify similarities both
within and between feature maps for capturing geometric in-
formation. The self-attention acquires long-range dependen-
cies and global information by modeling relationships among
correspondences. The cross-attention dynamically links con-
nections between different feature maps, efficiently blending
information from multiple feature maps. This ensures that in-
formation obtained from different feature maps is effectively
intertwined and complementary. The GFA learns geometric
information and complex relationships from local dependen-
cies to global associations across different levels by stacking
self-attention and cross-attention.

To tackle these complex variations, we combine the
weights of different sizes, aiming to fully integrate the intrin-
sic local information into global structure. Specifically, the
feature F}, is passed through a convolutional layer to generate
the query (Q), key (K), and value (V). We compute self-
attention across various correspondences and across multiple
feature maps, using W; of size RV*¥ for correspondence-
level attention and W of size R4*4 for feature-map-level at-
tention. Here, NV represents the number of correspondences
and d denotes the number of feature channels.

fat, = PWConv (softmax (Q -K") - V) + F,, (7)

fat, = PWConv (softmax (Q" - K) - VT)T +Fo, ()

where PW Conuv(-) denotes a point-wise convolution layer,
fat1 represents the feature information obtained through the
weight W7, which captures the interactions and dependencies
among correspondences on a global granularity. The global
information facilitates the network to understand the similar-
ities and differences between correspondences from a holistic
perspective. In contrast, f,:> focuses on collecting the inter-
nal structural information of features by calculating the sim-
ilarity across each feature dimension, which emphasizes the
dependencies between feature dimensions.

Self-attention struggles to fully explore the interactions and
complementarities between different feature spaces. Based
on the closure in Gestalt principles, missing information is
supplemented by leveraging relationships between surround-
ing features. To boost dynamic connections and ensure
complementarity between f,:;1and fu:0, we adopt a cross-
attention mechanism to alleviate the limitations of represen-
tations based on a single feature space. The cross-attention
calculates the similarity between the Q and K from different
feature maps, dynamically adjusting the weighted represen-
tation of the V. Specifically, we utilize f,41 as the Q, fao
as the K and V to generate robust feature f,;, which incor-
porates contextual information from f,;. Then, we reverse
the roles to generate robust feature f/,, that absorbs informa-
tion from f,+1. The process enhances the information flow
between different feature maps.

By combining self-attention and cross-attention, the net-
work obtains geometric feature information and dependen-
cies from a local to a global perspective.
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3.5 Dual-Path Multi-Granularity Parallel
Interaction Aggregation (DMG)

Extracting features at multiple granularities is highly chal-
lenging due to the complexity of the features and the difficulty
in effectively balancing local and global features of the data.
Grounded in the Gestalt principles that the whole is greater
than the sum of its parts, we design a DMG block. The DMG
adopts a dual-path parallel interaction strategy, achieving in-
formation exchange and integration between local and global
features across different granularities.

Figure 2(d) shows that the features f.,; and f,, from
the GFA are downsampled into 7' granularities via average
pooling. For f!,;, the multi-granularity feature set is rep-

resented as Fr = {fo,--- , fr}, where f, € RNV*4/2' and
t € {0,---,T}. N and d represent the number of correspon-
dences and feature channels, respectively. Similarly, the f7,,
undergoes the same operation to generate a multi-granularity
feature set G = {go, -+ , g7 }-

Gestalt principles suggest that relationships between local
elements shape the perception of the whole. DMG integrates
local and global information across granularities via bidirec-
tional hierarchical interaction to produce a richer representa-
tion. Therefore, it is necessary to fuse features of different
granularities to avoid the potential bias and to facilitate inter-
action between local and global information. Specifically, we
apply dual-path mixing operations to different feature maps
for promoting information exchange across multiple granu-
larities. The process is defined by:

Fges = Convs(Cat({B_Miz(F,)+T-Miz(G¢)}_y)), (9)

where the C'onvs(-) operation includes an InstanceNorm nor-
malization layer, a BatchNorm layer, a ReLU activation func-
tion, a pointwise convolution layer, and a Shuffle channel
mixing layer. The pointwise convolution layer takes input
features of size R™ *154/8 and produces output of size RN <4,
B_Mix(-) and T_Mix(-) represent the coarse-to-fine mixing
layer and fine-to-coarse mixing layer, respectively.
B_Mix(-) layer: Coarse-grained features provide a
global and macro-level perspective, smoothing out local noise
and facilitating the acquisition of global structural informa-
tion by the network. Building on this, we adopt a bottom-
up mixing strategy, starting with global features and grad-
ually incorporating fine-grained local information, which
guides the network to more accurately understand local de-
tails. Technically, for the multi-granularity feature set Frr
= {fo, -+, fr}, we utilize a residual structure to apply
the B_Mix(-) layer to the ¢-th granularity, which achieves
bottom-up mixing to facilitate effective information exchange
between correspondences. The operation is formalized as fol-
lows:
F; = F} 4+ Mix_Bottom_up(F;_1), (10)

where ¢ € {1,---,T} and Mix_Bottom_up(-) consists of
an InstanceNorm layer, a BatchNorm layer, a ReLU activa-
tion function, and a pointwise convolution layer. The point-
wise convolution layer takes input and output features of size
RN*d/27" and RVN*4/2" | regpectively.

T_Mix(-) layer: The network incorporates broader con-
text and global information to maintain sensitivity to details
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after capturing fine-grained geometric features and structures.
This fine-to-coarse strategy accurately captures local details
first and gradually integrates global information, enhancing
overall representation. Technically, for the multi-granularity
features G = {go, - - , g}, we also utilize a residual struc-
ture to employ the T_Mix(-) layer to the ¢-th granularity,
forming a top-down mixing strategy. The operation is by:

Gy = Gy + Mix_Top_down(G 4 1), an

where t € {1,---,T} and Mix_Top_down(-) consists of
an InstanceNorm layer, a BatchNorm layer, a ReLU activa-
tion function, and a pointwise convolution layer. The point-
wise convolution layer takes input and output features of size
RN *d/27" gpd RN*4/2° respectively.

By introducing the DMG, the coarse-grained global per-
spective effectively smooths out noise in the fine-grained fea-
tures. At the same time, the block extracts subtle geomet-
ric features at the fine-grained level and merges them with
coarse-grained features to gather the global structure. This
dual-path parallel interaction strategy, combining coarse-to-
fine and fine-to-coarse approaches, has the power to achieve
more precise global alignment.

4 Experiments

In this section, we first introduce the datasets and experimen-
tal parameters employed to verify the effectiveness of GPI-
Net. Next, we evaluate GPI-Net in indoor and outdoor sce-
narios via FPFH and FCGF descriptors, respectively. Finally,
we conduct an ablation study regarding our GPI-Net.

4.1 Datasets and Experimental Setup

Regarding indoor scenarios, we follow the same evaluation
protocol as 3DMatch [Zeng ef al., 2017] to prepare the train-
ing and testing datasets. The testing set consists of 1623 pairs
of point clouds from § indoor scenes. For each pair, we down-
sample the point clouds employing a Scm voxel grid. For out-
door scenarios, we utilize the KITTI dataset [Geiger et al.,
2013] to test the model’s effectiveness. The testing set com-
prises 555 pairs of point clouds from 10 outdoor scenes, with
each pair downsampled using a 30cm voxel grid.

We assess the effectiveness of GPI-Net through two tasks:
outlier rejection and pose estimation. Regarding outlier rejec-
tion, we apply inlier precision (IP%), inlier recall (IR%), and
F1 score (F1%) as evaluation metrics to measure the accuracy
of inliers identification while minimizing false positives. For
pose estimation, we adopt registration recall (RR%), rotation
error (RE), and translation error (TE). Registration is consid-
ered successful when both RE and TE are below the specified
thresholds: RE < 15° and TE < 30cm for indoor scenarios,
and RE < 5° and TE < 60cm for outdoor scenarios. RE and
TE are reported only on successfully registered point clouds.

4.2 Evaluation of Indoor Scenes

We first present the experimental results on the 3DMatch
dataset to test the performance of our proposed GPI-Net in
indoor scenarios. Table 1 presents the comparative results on
the 3DMatch dataset.
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FPFH FCGF
Method
RR(%1) RE(° |) TE(cm})IP(%1) IR(%1) F1(%7) Time(s) RR(%1) REC }) TE(cml)IP(%1) IR(%?) F1(%7) Time(s)
SM 55.88 2.94 8.15 4796  70.69 50.70 0.03 86.57 2.29 7.07 81.44 3836 4821 0.03
Té FGR 40.91 4.96 10.25 6.84 3890 11.23 0.14 78.93 2.90 8.41 25.63 5390 33.58 0.17
:_‘5 TEASER 7548 248 7.31 73.01 62.63 6693  0.04 8577 273 8.66 8243 68.08 7396 0.11
<
= RANSAC-IM 6420  4.05 1135 6396 5790 60.13 0.39 88.42  3.05 942 7796 7986 7855 045
RANSAC-2M  65.25 4.07 11.56 6441 5837 60.51 3.87 90.88 2.71 8.31 78.52 83.52  80.68 4.13
3DRegNet 26.31 3.75 9.60 2821 8.90 11.63  0.05 7176 274 8.13 6734 5628 5833  0.05
b DGR 32.84 2.45 7.53 29.51 1678  21.35 2.49 88.85 2.28 7.02 68.51 7992 73.15 1.36
§ DHVR 67.10 2.78 7.84 60.19 6490 62.11 0.46 90.93 2.25 7.08 78.35 78.15  78.94 0.46
Q
~ PointDSC 78.56  2.06 648 6892 7196 70.17 0.09 | 92.73  2.04 6.49 7883 86.07 82.02 0.09
PG-Net 81.96  2.07 6.62 7245 7772 7482 0.18 9298  2.04 6.47  79.12 86.03 82.16  0.18
OURS 83.25  2.08 6.57 73.06 7847 7557 0.19 | 93.15  2.02 647 7935 86.28 8247 0.19
Table 1: Quantitative results on the 3DMatch dataset for outlier rejection and pose estimation.
Combined with FPFH. We first adopt FPFH descriptor to O o= - = e xa
generate initial correspondences. From Table 1, we see that Lt r =
our method demonstrates satisfactory improvements in F1 = o <0 =

and RR compared to other methods. Specifically, our method
achieves an F1 approximately 6% higher than PointDSC and
1% higher than PG-Net, fully corroborating its effectiveness
in the outlier rejection task. In terms of RR, our method sur-
passes PointDSC by nearly 5% and PG-Net by approximately
1.5%, further highlighting its superiority in the pose estima-
tion task. This proves that GPI-Net, guided by Gestalt prin-
ciples, optimally captures the complex relationships and in-
ternal dependencies between correspondences, leading to the
acquisition of richer global structural information. As shown
in Figure 3, we conduct a qualitative comparison with FPFH
and our method reaches more accurate point cloud alignment
relative to PointDSC and PG-Net. In contrast to traditional
point cloud registration, GPI-Net outperforms RANSAC-2M
in RR by nearly 20%, while maintaining low rotation and
translation errors. Furthermore, we observe that 3DRegNet
performs significantly worse than our approach in terms of
RR with a gap of 56.94%. This indicates that using a simple
MLP as the feature extractor is significantly limited in cap-
turing global information. These limitations lead to poor rep-
resentation of inliers, bringing about inaccurate point cloud
alignment. It confirms that GPI-Net excels in inlier identifi-
cation as well as in achieving lower registration errors, indi-
cating an improvement in overall alignment accuracy.

Combined with FCGF. To comprehensively confirm the
effectiveness of GPI-Net, we re-measure all methods exploit-
ing FCGF descriptor. The results demonstrate that the FCGF
descriptor consistently exhibits exceptional robustness and
performance in different tasks. Our GPI-Net outperforms PG-
Net in terms of F1 and RR, reaching 82.47% and 93.15%, re-
spectively, which strongly affirms the superior performance
of GPI-Net leveraging the FCGF descriptor. Moreover, we
observe that while TEASER achieves a slightly higher IP than
GPI-Net, GPI-Net significantly surpasses TEASER in IR and
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(a) PointDSC (b) PG-Net (c) Ours

Figure 3: Qualitative comparison on 3DMatch dataset.

F1. It indicates that TEASER has limited capability in iden-
tifying inliers and struggles to collect structural information
of inliers over a broader scope. Such a limitation affects its
accuracy and robustness in point cloud registration. In con-
trast, GPI-Net demonstrates greater stability and effectiveness
in the outlier removal task. Additionally, we find that em-
ploying the more robust FCGF descriptor consistently leads
to better performance than the FPFH descriptor in both out-
lier rejection and pose estimation tasks. Table 1 reports that
although our network experiences a slight decline in RR when
applying FPFH in place of FCGF, the reduction is only 9.9%,
whereas PG-Net shows a decrease of 11.02%. This under-
scores the robustness and adaptability of GPI-Net to different
initial correspondences generated by varying descriptors.

Robustness with fewer correspondences. In the pose esti-
mation task, the accuracy heavily depends on the number of
correspondences. Therefore, to additionally verify the effec-
tiveness and robustness of GPI-Net, we investigate the impact
of the number of correspondences and compare it with two
methods: PointDSC and PG-Net. Figure 4 shows that GPI-
Net exhibits an RR that exceeds PointDSC by more than 10%
at correspondence counts of 250, 500, and 1000. Similarly,
GPI-Net surpasses PG-Net by over 2% when the number of
correspondences is 500, 1000, and 2500. Overall, GPI-Net
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Figure 4: Comparison of RR utilizing different numbers of corre-
spondences with FPFH.

FPFH FCGF
Method

RR(%1) RE(°) TE(em]) F1(%T) RR(%7) RE(°}) TE(cml|) F1(%7)
E FGR 523 0.86  43.84 — 89.54 046 2572 —
g
f§' RANSAC 74.41 1.55 3020 73.13 8036 0.73 2679 8542
2 CG-SAC 7423 0.73 14.02 — 8324 056 2296 —
o DGR 77.12  1.64  33.10 4.51 96.90 034  21.70  73.60
=
% PointDSC  97.95  0.30 723 88.03 9796 033 2129 8547
|

PG-Net 98.72  0.31 722 9084 9795 033 2129 8382

OURS  98.96 0.30 7.17 91.52 9821 033 21.26 8431

Table 2: Quantitative Results on the KITTI dataset.

consistently outperforms PointDSC and PG-Net regardless of
the number of correspondences. Notably, GPI-Net demon-
strates increasingly pronounced advantages as the number of
correspondences decreases, underscoring its effectiveness in
scenarios with fewer correspondences.

4.3 Evaluation of Outdoor Scenes

To further confirm the effectiveness of GPI-Net in outdoor
scenarios, we assess GPI-Net using the KITTI dataset. It is
worth noting that our GPI-Net surpasses all these methods
across multiple metrics in Table 2. Specifically, by utiliz-
ing the FPFH descriptor, our GPI-Net reaches a 24.55% im-
provement in RR over RANSAC, and with the FCGF descrip-
tor, the gain is 17.85%. Meanwhile, our method preserves
lower RE and TE while attaining the highest RR when paired
with the FPFH descriptor. Furthermore, our method delivers
competitive gains in RR and F1 relative to PointDSC, while
achieving a lower TE. In comparison to PG-Net, our method
not only attains higher RR and F1 but also minimizes errors
with the FPFH descriptor. In summary, the results from both
indoor and outdoor scenarios fully demonstrate the superior-
ity and robustness of our network.

4.4 Ablation Study

In this section, we assess the effectiveness of the design de-
cisions behind the block structures of GPI-Net. Table 3 gives
the performance of different block combinations within the
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datasets  baseline OI GFA DMG RR(% f)PFI; %N
v 81.96 74.82

v 82.13 74.94

3DMatch v 82.18 74.89
v 82.77 75.34

v v 82.99 75.46

v v v 83.25 75.57

v 98.72 90.84

v 98.72 90.84

KITTI v 98.76 90.88

v 98.86 91.23

v v 98.92 91.42

v v v 98.96 91.52

Table 3: Ablation Study. Baseline: PG-Net. OI: Orthogonal Inte-
gration. GFA: Gestalt Feature Attention. DMG: Dual-path Multi-
Granularity parallel interaction aggregation.

GPI-Net with the FPFH descriptor. The first row represents
PG-Net, serving as a baseline for comparison. It is evident
that all block combinations outperform the baseline.

For instance, incorporating the DMG improves RR by
0.81% on the 3DMatch dataset, indicating that the DMG ef-
fectively aggregates local and global information through an
innovative multi-granularity mixing strategy with dual-path
parallel interactions. Next, adding the GFA on top of the
DMG further boosts RR by 1%, highlighting that both GFA
and DMG extract rich contextual information. This facili-
tates the separation of inliers and outliers. Ultimately, the
inclusion of the OI contributes to an overall improvement
of approximately 1.5%. The OI eliminates redundant infor-
mation through orthogonal integration strategy, strengthening
the power to recognize inliers, and significantly boosting the
accuracy and robustness of point cloud registration.

5 Conclusion

In this paper, we propose an efficient and robust GPI-Net
based on Gestalt principles. Specifically, the OI leverages
the spatial information of feature vectors and adopts an or-
thogonal integration strategy to optimally reduce redundant
information during feature fusion. The GFA employs a com-
bination of self-attention and cross-attention to precisely ob-
tain the geometric features of correspondences. The DMG
performs an innovative multi-granularity feature extraction
via dual-path parallel interaction strategy and facilitates in-
formation exchange across granularities, effectively grasping
the relationship between local details and global information.
GPI-Net promotes a more accurate differentiation between
inliers and outliers. Extensive experiments demonstrate that
our proposed GPI-Net delivers satisfactory improvements in
both performance and robustness.
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