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SGNet: Salient Geometric Network for Point Cloud Registration
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Abstract—Point Cloud Registration (PCR) is a critical and
challenging task in computer vision and robotics. One of the
primary difficulties in PCR is identifying salient and meaningful
points that exhibit consistent semantic and geometric properties
across different scans. Previous methods have encountered
challenges with ambiguous matching due to the similarity
among patch blocks throughout the entire point cloud and the
lack of consideration for efficient global geometric consistency.
To address these issues, we propose a new framework that
includes several novel techniques. Firstly, we introduce a
semantic-aware geometric encoder that combines object-level
and patch-level semantic information. This encoder significantly
improves registration recall by reducing ambiguity in patch-
level superpoint matching. Additionally, we incorporate a prior
knowledge approach that utilizes an intrinsic shape signature
to identify salient points. This enables us to extract the most
salient super points and meaningful dense points in the scene.
Secondly, we introduce an innovative transformer that encodes
High-Order (HO) geometric features. These features are crucial
for identifying salient points within initial overlap regions while
considering global high-order geometric consistency. We intro-
duce an anchor node selection strategy to optimize this high-
order transformer further. By encoding inter-frame triangle or
polyhedron consistency features based on these anchor nodes,
we can effectively learn high-order geometric features of salient
super points. These high-order features are then propagated
to dense points and utilized by a Sinkhorn matching module
to identify critical correspondences for successful registration.
The experiments conducted on the 3DMatch/3DLoMatch and
KITTI datasets demonstrate the effectiveness of our method.

I. INTRODUCTION

The point cloud registration task focuses on aligning two
scanned point cloud frames. It has numerous computer vision
and robotics applications, including simultaneous localiza-
tion and mapping (SLAM) and 3D reconstructions. Despite
progress in 3D point representation learning, detecting salient
and repeatable key points across two frames of point clouds
for registration remains challenging due to various factors,
such as changes in viewpoint, sensor noise, and local am-
biguous similarities.
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(a) Ground Truth (o) GeoTR [1]

(c) GeoTR [1]+HO (d) SGNet

Fig. 1. Our work is inspired by a challenging scenario where successful
registration critically depends on the prominent and essential points found
on the table, as illustrated in the leftmost region of (a). However, these
points are spatially far apart from the abundant points situated on the wall
(i.e., points in the rightmost region of (a)). To tackle this challenge, we
introduce a new high-order (HO) geometric transformer that leverages high-
order geometric features to address such scenarios effectively.

Recent state-of-the-art registration methods mainly
adopted the KPFCNN backbone [2]. These methods,
including [1], [3]-[5], initially downsample or divide dense
points into coarse key points and extract associated features.
They then employ a Transformer [6] for information
exchange across point clouds. To improve efficiency and
accuracy, previous methods such as [1], [5] utilize the
point-to-node grouping strategy to divide the dense points
into patches. Additionally, [1] incorporates low-order (i.e.,
point-wise and pair-wise) and local geometric features at
the coarse level to facilitate super point matching, enabling
the identification of dense point correspondences within
matching patch neighborhoods.

However, patch-level super points may lead to numerous
ambiguous local semantic similarities throughout the point
cloud. For instance, down-sampled patches on walls and
tables on the ground may exhibit similar regions. This
issue may lead to many ambiguous matches. We leverage
a pyramid semantic encoder (SE) to encode and exchange
the object-level semantic information between point cloud
pairs to address this challenge. This encoder can effectively
capture high-level object semantics, which can help us to
find the salient and meaningful super points for registration.

In challenging real-world scenarios with partial overlap-
ping, salient points are often sparse and widely scattered.
Recent methods rely on local [3] or low-order [1] implicit
geometric features and may not yield sufficient salient points
for matching. Moreover, previous methods that apply self-
attention to overlapping and non-overlapping regions can
potentially result in the loss of crucial salient points. For
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instance, consider a complex scene comprising a wall, the
ground, several chairs, and a partially obstructed round table
(notably, the table is distant from the wall, as depicted in
Fig.1). In this scenario, there are more inlier corresponding
points on the wall or ground compared to the table, leading
to the exclusion of table points in [1], [7]. Consequently,
methods relying solely on local or low-order geometric
features may register based only on the wall or ground points,
overlooking the importance of table points. It is worth noting
that our human eye intuitively detects and selects the points
on the wall/ground and table as salient points for alignment.
Contrary to the clustered inlier phenomenon, salient points
far apart play a critical role in successfully registering chal-
lenging scenes. However, the low-order geometric encoder
may fail to capture this kind of salient point (e.g., points of
the table in (b) of Fig.1).

To solve this issue, we propose a new high-order geo-
metric feature attention module to select truly salient points.
Inspired by hyper-graph matching algorithms [8], [9], we
construct two polyhedrons using initial candidate correspon-
dences and compute higher-order similarities by comparing
corresponding angles from each polyhedron. Specifically,
for each candidate correspondence, we select several distant
points within the candidate overlap region to construct two
corresponding polyhedrons (for simplicity, triangles are used
in this paper). Unlike previous methods that employ naive
cross-attention, we introduce a new cross-attention layer to
embed the similarities between these two polyhedrons. These
high-order features assist in identifying truly salient points
within the overlapping regions, thereby contributing to robust
registration results in challenging scenes. Furthermore, we
propagate these high-order geometric features to the dense
points.

Moreover, it is crucial to have well-initialized, high-
quality candidate overlap regions with locally salient points
to support downstream modules. Therefore, we employ super
points augmentation by leveraging intrinsic shape signa-
tures [10] to select the most meaningful points throughout
the scene as super points. Drawing inspiration from key-point
detection methods [3], [10], we compute a point saliency
score and multiply it with a super points matching score
matrix. This process allows us to obtain a candidate overlap
region with more salient correspondences. Our contributions
are summarized as follows:

« We introduce a new transformer capable of effectively
learning higher-order salient features and distributing
them to the dense points, thereby aiding in the learning
of dense point features. We also propose an anchor
points selection strategy for this new transformer.

« We advocate a novel semantic encoder designed to
embed high-level (specifically, object-level) semantic
information proficiently. This embedded information is
subsequently integrated into a geometric encoder to
develop semantic-enriched geometric features for super-
points (at the patch level).

« We conduct the experiments on 3DMatch and KITTI
datasets and achieve competitive performance.

II. THE PROPOSED APPROACH

A. Problem Statement

Given point clouds P = {p; € R}|i=1,...,N} and Q =
{q; € R3|i = 1,...,M}, the point cloud registration aim to
find the transformation T € SE(3) (i.e., rotation matrices R €
SO(3) and translation vectors t € R?) that aligns P to Q.

B. Method Overview

Our framework adopts the KPConv [2] as the feature
extraction backbone, as shown in Fig.2. Firstly, the pomt
clouds P,Q are down-sampled to super points P and 0,
and obtain the associated features F¥ € RIP*dl and FQ €
RIOxdi|, Next, these super points and features are inputted
into the high-level semantic encoder to extract object-level
semantic-aware patch features F? and FC. These features
are then concatenated with F¥ and FC and passed through
a low-order and local geometric transformer [1], resulting in
newly updated super point features F’ and F2. Super point
matching scores are computed by the inner product of the
super point features across two frames. The super points are
augmented by utilizing the intrinsic shape signature [10].
Additionally, salient scores are calculated for each super
point and multiplied with the matching scores. The initial
candidate overlap region, which represents the correspon-
dences between super point patches, is obtained from the
ranked matching score matrix. This process takes place in the
Super Point Augmentation & Overlapping Region Detecting
area, located in the middle and at the top of the network
architecture. Then we propose a newly designed high-order
transformer to learn the high-order inter-frame consistent
salient features (F,, ,FQ) and propagate them to dense points.
Dense points then utilize these new enhanced features to
match patch correspondence neighborhoods to give dense
correspondences. Finally, we use a local-to-global estimator
to compute the most reliable estimation.

C. High-Level Semantic Encoder

Although the down-sampled super point contains patch-
level semantic information, the local similarities of patches
across the whole point cloud may lead to many ambiguous
mismatches. To solve this problem, we continue to downsam-
ple twice super points 2 and 0 to “object level” mega points

and Q (with associated features F and F) with larger
receptive fields than super points. The magnitudes of dense
points (P_> and Q), super points (P and Q), and mega points
(P and Q) are typically in the tens of thousands, hundreds,
and tens, respectively. Each mega point resides within the
neighborhood of a super point, and each super point resides
within the neighborhood of a dense point.

Semantic Pooling layers. We perform voxel grid subsam-
pling, increasing the cell size at each pooling layer and other
related parameters. The subsampled points and asgociated
features in each layer are denoted as Z\Fl and Q' |F5

= 0,1,2). The points densities of ?2| 02 and P|Q are same.
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Our proposed framework comprises several components. First, the point clouds P and Q are fed to the down-sampling layers to obtain the

super points (P,0) and their features (F” FC). We then use the semantic-aware geometric encoder to detect overlap regions. Next, our newly designed

high-order geometric transformer is applied to encode the high-order inter-frame geometric salient feature (Ff,S ,Fg). We combine the (F’3 ,FQ) and (Ff,S ,Fg)
and propagate this combined features up to the dense level points in the overlap region. Finally, the local-to-global registration step computes the 6D rigid

transformation R,t. Zoom in for details.

For efficiency, we utilize a max-pooling to give the features
of each new pooled location:

Ft = MAXge o (CAT [ frpusr, S = fn| ) (1)
where Nz is the radius neighborhood of point p, Land p —>l+1
isa supportmg point in this neighborhood. /¢ denotes a hnear
layer followed by instance normalization and ReLU, MAX(-)
denotes element-/channel-wise max-pooling, and CAT[, -]
means concatenation. FL, is computed in the same way.
Through these aggregation layers, the coarser level points
have higher-level semantic information.

Upsampling Layers. This section describes obtaining
object-level semantic information for super points from mega
points. Firstly, we update the point feature in layer-/ + 1:

Sy =g (cat [ fn S| ) P NG, @)

where hé is similar with hg. Secondly, we utilize a four heads
self-attention (SA(-,-)) layer on F? and FZB:

FL; = 5A (F’?F%) R (F%F%) , 3)

We also employ a four heads cross-attention (CA(-,-)) layer
between F? and Fl@’ respectively:
1 _ 1 gl 1 _ L gl
FL =CA (F?,Fa), Fly —ca (F?F?). (4)
In the self-attention SA(-,-), the q, k, and v are computed as:

=Wyfp, ki=Wifp,, vi=Wyfp, (%)

where Wy, Wi, W, € R%*% and a;; = softmax(qik} /v/d;).
The cross-attention CA(+,-) is computed similarly to ¢ and
k,v computed by source and target point clouds, respec-
tively. Between self-attention and cross-attention, we utilize
semantic pooling layers to downsample the patch-level point
features from the output of self-attention, resulting in mega
points. More details of self/cross attentions can refer to [6].
The output of the semantic encoder is denoted as F and F.

While mega points are designed to capture object-level se-
mantic information, their large receptive fields often result in
a loss of geometric details. To mitigate this issue, we propose
a solution by concatenating the object-level semantic-aware
super point features (F¥ and F€, decoded from mega point
features) with patch-level semantic information from the
super point features (FP and FQ) These combined features
are then fed into the subsequent geometric transformer as
inputs. This fusion process allows us to generate a semantic-
aware geometric embedding tailored explicitly for the super
point salient features.

D. Super Points Augmentation

Salient Superpoint Augmentation. To tackle the prob-
lem of meaningless super points in the last downsampling
layer, which lacks object-level semantic information, we can
choose more interesting key point subsets from super points
by utilizing keypoint detector algorithms [10]-[13]. In this
paper, we utilize ISS [10] with a spherical neighborhood of
radius rygien; to choose key points. We apply two threshold
values Ajo and A»1, and utilize e[1]/e[0] < A1 and ¢[2]/e[1] <
A1 to select the salient points as new super points. During
the upsampling process in the decoder, each superpoint’s
neighborhood is updated. This step automatically identifies
and selects the dense points that describe the object semantics
and are the most salient or semantically meaningful within
the scene.

Salient Super Point Matching. We exploit the eigenval-
ues of the super points’ scatter matrix [10] to compute the
salient matching score matrix SS € RIPIXICl. The final super
point matching matrix S € RI¥1*I9l is obtained by multiplying

these two matrices:
NS ell]\ [, _ el2]
o= (1-o) (- 5) ©

where MS is computed by the inner product of the superpoint
features across two frames. After that, we select top N, super
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Fig. 3. Anchor points selection. The candidate overlap region consists
of green and blue points corresponding to each other (indicated by the
black dashed curve representing initial candidate correspondences). From
this set of points, a subset of anchor points (highlighted within the pinkish-
red dashed box) is selected based on their maximum distance from p; and
gy - In an example scenario where K = 3, two anchor points generate up to
four triangles for p; and p;. Consequently, the angles in these four triangles
can be pooled together to aggregate the embeddings for p; and g, .

points correspondences in S:

A

C= {(f)xn(]yj)‘(xiv)’j) EtopryS(xJ’)} (7

This initial candidate matching matrix provides sufficient
reliable salient correspondences through the augmentation
above and salient matching scores.

E. High Order Geometric Feature

Despite the super point matching score matrix that can
offer candidate matching patches, the dense point matching
lacks globally consistent geometric features [1], [4], [S]. On
the other hand, conducting self-attention on both overlap and
non-overlap regions [1] may introduce ambiguous informa-
tion for the super point, leading to ambiguous point matching
or non-salient correspondence selection. To address this is-
sue, we introduce a new high-order geometric encoder on the
candidate overlap region (i.e., superpoint correspondences)
to model a robust salient geometric feature and propagate
it to dense points by upsampling. The super point learns
this high-order salient geometric feature via backpropagation
from optimization of the dense point matching loss.

1) Anchor Points Selection: The viewpoint changes and
sensor jittering can result in point cloud pairs with partially
overlapping regions. After obtaining the candidate super
point overlap region, selecting appropriate salient points
becomes crucial for successful registration. In real-world
scenarios where data is particularly challenging, we observe
that key salient points may be widely dispersed from one
another, which explains why the clustered inlier correspon-
dences [4] contribute little to the registration success. To
address this challenge, we propose a novel anchor point
selection strategy:

Farthest K anchor points. As depicted in Fig.3, for each
point (i.e., p;), we select the farthest K anchor points in
the candidate overlap region. When computing the feature
of p; with attention weighting on other points (e.g., p;), we
assume each point p; has an associate point p;. Points p;,
pj, and anchor point p; construct a triangle. The selected K
anchor points will give (§) polyhedrons for (M +2)— order
polyhedron similarity. This paper explores the simplest case
(i.e., M = 1) for efficiency, where the K anchor points will

give K triangles for each point (e.g., p; and its associated
point p;). We leave the M > 1 case in future work.

2) High-order Saliency Transformer: After obtaining the
K triangles, we conduct a new transformer to learn the high-
order geometric salient features.

Triangle spatial consistency encoding. For each anchor
triangle (e.g., A(i, j,ym),m € {1,2,...,K}, see bottom right in
Fig.2) of the super point pair (p;,p;), there are three angles
Lijyms Lymij-and L jy, ;. Since we have K anchor points, we
design to conduct average pooling on three angles across the
K generated anchor triangles:

i = Ssin(Lynif)s  Bymoji = Foin(Lynji),
_ L. o P _ P A
Liyn.j = Ssin(Liyj)s 8yij = maxy,, {gym,i«,jwl } ) (8)
P P A P P A
8yji = maxy,, {gym,iwz } » 8iyj = Mmaxy, {gi,ymﬁjw3 } ;

where W/, W4, and W4 € R%*4 are the respective weights
for encoding of three angles and m = 1...K. After obtaining
three angle embeddings for each point, we utilize them to
construct the global self-attention and cross-attention layers.

Self-Attention. To encode the intra-frame global scale
self-attention in the overlap region, we aggregate the three-
angle embeddings:

_self .
8"/ = Linear (sum|gyij, gyji, i)
_sel
iy (WO ;WK + g WO)T

9
17) \/CT[ 9 ()

Zi = Z‘jllla}?;lf(xjwv)a
where W2, WK WY and WC € R%*% are the respective
projection matrix for key, query, value, and similarity triangle
encoding.

Saliency Cross-Attention. To learn the high-order inter-
frame geometric salient features, we design a novel cross-
attention layer to encode the high-order saliency feature for
points in the candidate overlap region. For each point, p;
from the source and §; from the target, we first subtract the
corresponding angle embedding between frames as distance
in feature space. Then, we aggregate these three feature
distances as an inter-frame similarity score (inspired by
Eq.(14) in [9]):

8yij = (g;j - gﬁ,)/% gyji = (gﬁji - g}%i)/chv

60y = e, 53,/
g7"" = Linear (concat (8)i/,8yji>8ivj])
cross _ (Xf)WQ)(x]QWKJrglq;osst)T
Va; ’

L |QA\ Cross Q v
Z,—ijlaij XjW

(10)

where W2, WK WY and WH ¢ R%*% are the respective
projection matrix for key, query, value, and similarity triangle
encoding. Since we conduct the attention in the candidate
overlap region, p; and §; are candidate correspondences.

3279



The activated anchor point 'y’ in gfij and ggj may not be
the corresponding anchor point. 'y’ index denotes the third
different anchor point selected by the max pooling from the
source and target point cloud, respectively. This behavior is
because the candidate overlap region may contain outliers.
Then, we encode a new superpoint feature in the overlap
region through the three interleaved attention layers above.

III. EXPERIMENTS
A. Implementation Details

We utilize the overlap-aware circle loss [1] and point
matching loss [1] to supervise the super point and dense point
feature learning. Following [1], we evaluate our proposed
model on the indoor dataset 3DMatch [14] and outdoor
dataset KITTI Odometry Benchmark [15]. The proposed
model is trained and tested with PyTorch on one NVIDIA
RTX 3090 GPU. We train our model with Adam optimizer
with 30 epochs on 3DMatch [14] and 150 epochs on KITTI
[15]. The learning rate, learning decay, learning rate decay
steps, and weight decay are set to le-4/1e-4, 0.95/0.95, 1/4,
and le-6/1e-6 for 3DMatch/KITTI, respectively. 3DMatch
and KITTI’s matching radii are set to 5cm and 30cm,
respectively. The number of super point correspondences N,
is set to 256 for all experiments. The number of farthest
anchor points K is set to 64. The number of attention layers in
high order geometric transformer (Ng) and semantic encoder
(Ny) is 6 and 3, respectively. The threshold values Ajy and
Az1 in salient super points augmentation are set to 0.6. The
dimension of super point features d; is set to 1024 for
3DMatch/KITTI. 7, ien; used in ILD is set to 0.15/3.0 for
3DMatch/KITTI.

B. Indoor Dataset: 3DMatch&3DLoMatch

1) Dataset: 3DMatch [14] dataset has 62 scenes. They are
split into 46 for training, 8 for validation, and 8 for testing.
The overlap ratio of the scanned pairs in 3DMatch [14] and
3DLoMatch [4] are higher and lower than 0.3, respectively.

2) Evaluation Protocol: Following [1], [4], we utilize
the following protocols to evaluate our model. (1) Inlier
Ration(IR): The fraction of correct correspondences whose
distance is under a threshold (i.e., 0.1m) under the ground
truth transformation. (2) Feature Matching Recall (FMR): the
ratio of scanned pairs with the inlier ratio above a threshold
(i.e., 5%). (3) Registration Recall (RR): The fraction of
successful registered point cloud pairs with a predicted
transformation error under a threshold (i.e., RMSE<O0.2).
(4) Relative Rotation Error (RRE) and Relative Translation
Error (RTE): the error between the predicted transformation
and the ground truth.

3) Results: We compare our model with feature matching
methods: FCGF [16], D3Feat [3], Predator [4], CoFiNet [5],
RIGA [17], RegTR [18], Lepard [19], GeoTR [1], and
RoITr [20]. We utilize the local-to-global (LGR [7]) esti-
mator for GeoTR [1] and our model since LGR is a more
deterministic, stable, and faster method than the RANSAC
tool. The results in TAB.I show that our model achieves
the best registration recall on 3DMatch/3DLoMatch with

93.8%/76.5%. While our model prioritizes identifying salient
and meaningful points necessary for successful registration,
it may dilute meaningless and unnecessarily clustered inlier
points, leading to lower scores in the IR metric.

4) Ablation Studies: We utilize the GeoTR [1] as our
backbone in the ablation study experiments. We augment
the super points to use the local salient points as super
points. Then, we employ a new high-level semantic encoder
to encode object-level semantics as inputs of local and low-
oder geometric transformers [1]. After that, in the candidate
overlap region, we employ our newly designed high-order
geometric transformer to encode the inter-frame salient geo-
metric feature and propagate it up to dense points to improve
the feature learning of the backbone. As shown in TAB.II, the
high-order geometric transformer improves the registration
recall on 3DMatch/3DLoMatch by about 0.8/0.6 percent
points (pp). By exploiting the salient super point, augmen-
tation increases the registration recall by about 0.6/1.0 pp
on 3DMatch/3DLoMatch. After employing the high-level
semantic encoder, our model can improve the registration
recall by about 1.2/0.9 pp on 3DMatch/3DLoMatch.

High-order Geometric Transformer. We provide visual-
izations to demonstrate the effectiveness of our model. The
super point matching matrices in GeoTR [1] are computed
by the inner product of point features. However, since the
self-attention of GeoTR [1] operates on both overlap region
and non-overlap region, it has several ambiguities matches
in super point matching, as shown in the top line of Fig.4.
However, in our model, the super points learn the high-order
salient consistent geometric features. As shown in the bottom
line of Fig.4, by employing the high-order transformer in
the candidate overlap region, the outlier correspondences
are eliminated, and the more inlier correspondences are
identified.

High-level Semantic Encoder. In this section, we show-
case the effectiveness of the semantic encoder. As shown in
(d) of Fig.5, the semantic encoder effectively captures the
semantic information of the small table to the left sofa and
the partial scan of the sofa adjacent to the wall. The corre-
spondences of the sofa (adjacent to the wall), small desk, and
walls are captured. Due to the flatness of the location on the
wall, the shape signature is not very distinctive, resulting in
less pronounced positive effects of superpoints augmentation.
In contrast, in (a) of Fig.5, the correspondences of the wall
are entirely lost. The results demonstrate that the high-
level semantic encoder is crucial in embedding object-level
information into these super points. Together with the high-
order geometric transformer, it significantly contributes to
the outstanding performance achieved by the final version of
our model.

C. Outdoor Dataset: KITTI Odometry

1) Dataset: KITTI Odometry benchmark [15] consists of
an 11-point cloud sequence scanned by a LiDAR sensor.
Following [3], [4], [16], we split the sequences to 0-5/6-7/8-
10 for training/validation/testing. In line with [1], [3], [4],
[16], we refine the ground truth transformation by ICP [26]
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Fig. 4.

The visualizations showcase the patch correspondences achieved by our model on the 3DMatch dataset. The registration results in the top

line were generated using GeoTR [1]+LGR, while the results in the bottom line were generated using GeoTR [1] + High-Order Transformer + LGR.
The inlier/outlier correspondences are highlighted in green/red. These visualizations demonstrate our high-order transformer’s effectiveness in eliminating
geometric inconsistencies in matches. Please zoom in for more detailed observations.

TABLE I
QUANTITATIVE RESULTS ON THE 3DMATCH AND 3DLOMATCH
BENCHMARKS. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD, AND
THE SECOND-BEST RESULTS ARE UNDERLINED. IN THIS PAPER, WE
FOCUS ON THE IMPROVEMENT OVER THE PREVIOUS SOTA METHOD
GEOTR [1]. * DENOTES THE ORIGINAL 3DMATCH DATASET.

GeoTR+LGR [1] 91.2 70.1 98.1 1.745
SGNet+LGR (ours)| 93.8 41.4 98.4 1.752

Method 3DMatch
RR (%)1 IR (%)t EMR (%) RRE (°)}. RTE (m)}
FCGF [16] 83.3 48.7 97.0 1.949 0.066
D3Feat [3] 83.4 40.4 94.5 2.161 0.067
Predator [4] 90.6 57.1 96.5 2.029 0.064
CoFiNet [5] 88.4 51.9 98.1 2.011 0.067
RIGA [17] 89.3 68.4 97.9 - -
RegTR [18] 92.0 - - 1.570 0.049
Lepard [19] 93.5 - - 2.480 0.072
RoITr* [20] 91.9 82.6 98.0 -
0.061
0.061

Method 3DLoMatch
RR (%)1 IR (%)1 FMR (%)T RRE (°)] RTE (m)J

FCGF [16] 38.2 17.2 74.2 3.147 0.100
D3Feat [3] 46.9 14.0 67.0 3.361 0.103
Predator [4] 61.2 28.3 76.3 3.048 0.093
CoFiNet [5] 64.2 26.7 83.3 3.280 0.094
RIGA [17] 65.1 32.1 85.1 - -
RegTR [18] 64.8 - - 2.830 0.077
Lepard [19] 69.0 - - 4.100 0.108
RoITr* [20] 74.8 54.3 89.6

GeoTR+LGR [1] | 74.0 41.0 87.7 2.886 0.088
SGNet+LGR (ours)| 76.5 19.2 83.4 2.767 0.085

TABLE II
ABLATION OF THE NETWORK ARCHITECTURE ON
3DMATCH/3DLOMATCH BENCHMARK. AUG, HOTR, AND HSE
DENOTE THE SUPER POINT AUGMENTATION, HIGH-ORDER GEOMETRIC
TRANSFORMER, AND HIGH-LEVEL SEMANTIC ENCODER

| 3DMatch | 3DLoMatch

AUG HOTR HSE ‘ RR (%) RRE (°)] RTE (cm)l‘ RR (%)t RRE (°)}  RTE (m)|

91.2 1745 0.061 740 2.886 0.088
v 92.0 1791 0.062 746 2.841 0.088

v 922 2178 0073 75.1 2.825 0.087

i v 926 1.774 0.062 75.6 2.803 0.085
v v v 938 1752 0.061 76.5 2767 0.085

(a) GeoTR [1] + LGR (b) GeoTR [1] + HO + LGR

(c) GeoTR [1] + HO + AUG + (d) GeoTR [1] + HO + AUG
LGR + SE + LGR

Fig. 5. This visualization shows that the high-level semantic encoder
captures the semantic information of the wall. HO, AUG, and SE denote the
high-order transformer, superpoint augmentation, and high-level semantic
encoder. The inlier/outlier correspondences are highlighted in green/red.
Please zoom in for more detailed observations.

and only use point cloud pairs that are at most 10m away
from each other for evaluation.

2) Evaluation Protocol: As in [1], we utilize three met-
rics to evaluate our model: (1) Registration Recall (RR),
the fraction of successful registration pairs (i.e., RRE< 5°
and RTE<2m). The other two metrics, Relative Rotation
Error (RRE) and Relative Translation Error (RTE) go with
the same used in the 3DMatch benchmark.

3) Results: We compare our model with several state-of-
the-art methods: FMR [21], DGR [22], HRegNet [23], FCGF
[16], D3Feat [3], SpinNet [25], Predator [4], CoFiNet [5],
and GeoTR [1]. As shown in TAB.III, the quantitative results
show that our method can handle outdoor scene registration
and achieve competitive performance.

D. Limitations.

SGNet’s IR metric, in TAB.I, is relatively lower compared
to other baselines, primarily due to the inlier clustering
phenomenon [4]. However, because our method focuses on
key points that enhance the recall metric, the clustered
inlier points become less critical. SGNet emphasizes high-
order geometric consistency features to ensure registration
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TABLE III
QUANTITATIVE RESULTS ON THE KITTI ODOMETRY BENCHMARK. THE
BEST RESULTS ARE HIGHLIGHTED IN BOLD, AND THE SECOND-BEST
RESULTS ARE UNDERLINED.

Method ‘ RTE (cm); RRE (°)] RR (%)t
FMR [21] 66 1.49 90.6
DGR [22] 32 0.37 98.7

HRegNet [23] 12 0.29 99.7
3DFeat-Net [24] 25.9 0.25 96.0
FCGF [16] 9.5 0.30 96.6
D3Feat [3] 7.2 0.30 99.8
SpinNet [25] 9.9 0.47 99.1
Predator [4] 6.8 0.27 99.8
CoFiNet [5] 8.2 0.41 99.8
GeoTR+LGR [1] 74 0.27 99.8
SGNet+LGR (Ours) 54 0.24 99.8

success, with the high-order saliency transformer selecting
points from the candidate correspondences generated by
the semantic-aware geometric encoder. Consequently, the
repeatability and precision metrics [11], [24] of SGNet
may be lower compared to methods that rely on semantic
keypoints [11], [24].

IV. CONCLUSION

This paper proposes a novel approach for point cloud
registration that overcomes limitations in existing methods.
By incorporating object-level semantic information through
a high-level Semantic Encoder (SE) and leveraging intrinsic
shape signatures to select meaningful super points, our
approach improves the accuracy of super point matching.
It enhances the discriminative nature of the selected points.
We have also introduced a High-Order (HO) geometric
consistency transformer that identifies salient points within
candidate overlap regions and a unique anchor node selection
strategy to improve its performance. Experimental results on
outdoor and indoor datasets demonstrate the effectiveness of
our approach in achieving accurate and competitive point
cloud registration results.
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