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Learning discriminative point-wise features is critical for partially overlapping point cloud registration. In recent
years, the integration of a Transformer into point cloud feature representation has demonstrated remarkable
success, which typically involves a self-attention module to learn intra-point-cloud features, followed by a cross-
attention module for feature exchange between input point clouds. Transformer models mainly benefit from
the use of self-attention to capture the global correlations in feature space. However, the global correlations
involved in self-attention may not only result in a significant amount of redundant computational overhead but
also introduce feature ambiguities, especially in low-overlap scenarios. This is because overlapping regions of
point clouds typically do not span a wide range but are rather concentrated around a localized area. Therefore,
the correlations with an extensive range of non-overlapping points are ineffective and may degrade the discrim-
inability of features. To address this issue, we present a Efficient Prior-Embedded Attention Learning model
(EfficientPEAL). By incorporating overlap prior to the learning process, the point clouds are divided into two
parts. One part includes points lying in the putative overlapping region and the other includes points located in
the putative non-overlapping region. Then, EfficientPEAL performs localized attention with the putative over-
lapping points. The proposed attention module significantly reduces the computational complexity of the model
while achieving competitive performance. Extensive experiments on 3DMatch/3DLoMatch, ScanNet, and KITTI
datasets demonstrate its effectiveness.

1. Introduction

Point cloud registration is a fundamental yet challenging task in 3D
computer vision and robotics. Its goal is to estimate the optimal rigid
transformation that aligns point clouds acquired from different view-
points into a common coordinate system, thereby achieving spatial con-
sistency and facilitating 3D reconstruction. In particular, rigid point
cloud registration, which focuses on estimating rotation and translation
while preserving the shape of the object, plays a pivotal role in various
applications such as 3D reconstruction, robotic navigation, simultane-
ous localization and mapping (SLAM), and autonomous driving (Aoki,
Goforth, Srivatsan, & Lucey, 2019; Bai et al., 2021; El Banani, Gao, &
Johnson, 2021; Qin et al., 2022).

Benefiting from the superior feature representation of deep net-
works, learning-based point cloud registration methods have be-
come dominant in recent years (Huang, Gojcic, Usvyatsov, Wieser, &
Schindler, 2021; Qin et al., 2023; Yu, Li, Saleh, Busam, & Ilic, 2021).

* Corresponding author.

These methods usually adopt the coarse-to-fine strategy and then learn
features (or establish correspondences) between the downsampled point
clouds (superpoints), which are then propagated to individual points to
yield dense correspondences. Thus, the feature learning of superpoints
is crucial to the overall performance of point cloud registration. Due
to the sparse and loose nature of superpoint matching, existing meth-
ods (Huang et al., 2021; Li & Harada, 2022; Qin et al., 2023; Yu et al.,
2021, 2023a) widely employ attention mechanisms for superpoint fea-
ture learning.

However, standard self-attention usually captures global correla-
tions indiscriminately, including many irrelevant non-overlapping ar-
eas. This not only introduces feature ambiguity but also results in
substantial computational overhead—particularly in partially overlap-
ping and low-overlap scenarios. In other words, the correlations
with non-overlapping superpoints are ineffective and may disrupt
the inter-frame geometric consistency learning and degrade the fea-
ture discriminativeness for registration, which makes the resultant
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Fig. 1. Comparison of registration performance and resource consumption between EfficientPEAL and PEAL. EfficientPEAL achieves a comparable registration
recall (77.9%) while significantly reducing peak memory usage (3.56GB vs. 9.12GB) and accelerating inference time (151ms vs. 220ms), demonstrating its superior

efficiency and lightweight design.

learned superpoint features ambiguous and leads to numerous outlier
matches.

To address this chicken-and-egg problem, we have proposed PEAL
(Yu et al., 2023b) which predicts overlapping regions first, and then per-
forms explicit one-way attention with the putative overlapping points
to relieve the feature ambiguities of self-attention. On the coarse scale,
the one-way attention module is plugged after self-attention, it explic-
itly models feature correlations with the localized area, thus avoiding
interference from the numerous superpoints in non-overlapping areas.
However, PEAL (Yu et al., 2023b) still suffers from high computational
and memory costs due to its use of both global self-attention and one-
way attention. These dual attention modules introduce latency and re-
source demands that limit its deployment in time-sensitive or resource-
constrained applications. As shown in Fig. 1, although PEAL achieves
strong accuracy, it incurs high peak memory usage (9.12 GB) and infer-
ence time (220 ms). Subsequent works (Chen et al., 2023; Jin, Armeni,
Pollefeys, & Barath, 2024) have improved upon PEAL, but these methods
focus primarily on denoising using diffusion models to enhance match-
ing quality, without addressing aspects such as model lightweighting or
acceleration.

Intuitively, when humans attempt to match the overlapping regions
of two point clouds, they often begin by focusing on a small portion of
the overlapping area. This initial focus allows them to develop a basic
understanding of the overlapping objects or elements before expanding
their observation to the entire region. Starting from this small portion,
humans can gradually expand their observation scope by establishing
connections between other areas and this small portion, ultimately en-
compassing the entire overlapping region. Therefore, we argue that once
the local overlapping regions are identified, the global feature ambigu-
ities can be resolved by learning correlations exclusively within these
regions, eliminating the need for global feature associations through
self-attention.

Motivated by the above observations, we propose EfficientPEAL to
mitigate the memory footprint and computational cost of the PEAL

(Yu et al., 2023b). Firstly, we follow PEAL to divide the superpoints
into anchor ones (the superpoints lying in the putative overlapping re-
gion) and non-anchor ones (the superpoints located in the putative non-
overlapping region). Then we propose a local geometric self-attention
module to unify self-attention with one-way attention, which can es-
tablish the correlations with this small portion of putative overlapping
(anchor) superpoints, thus alleviating the interference of non-anchor su-
perpoints and significantly reducing the computational cost of PEAL. As
shown in Fig. 1, compared to PEAL, EfficientPEAL reduces the peak
memory usage by 60.9% (from 9.12GB to 3.56GB) and accelerates the
inference time by 31.4% (from 220ms to 151ms), while achieving com-
parable registration accuracy (77.9% vs. 78.5%). These results demon-
strate that EfficientPEAL delivers a well-balanced trade-off between ac-
curacy and efficiency, making it suitable for real-time and resource-
constrained applications.
The main technical contributions can be summarized as follows,

e We present a lite model EfficientPEAL. By reformulating self-
attention, we unify the standard geometric self-attention and one-
way attention into a single attention module, called local geometric
self-attention. EfficientPEAL significantly reduces the complexity of
PEAL, while maintaining performance.

o EfficientPEAL can integrate various overlap priors, such as 2D prior,
3D prior, hybrid 2D/3D prior and random prior. It can efficiently en-
hance the registration performance on the basis of existing methods.

o We further evaluate our method on the ScanNet and KITTI datasets,
demonstrating its generality and effectiveness across different
datasets.

The structure of this paper is organized as follows: Section 2 reviews
some related work, including the current development and representa-
tive algorithms of point cloud registration methods. Section 3 presents
the overall framework and key techniques of the proposed registration
method in detail. Section 4 provides extensive experimental evaluations
on multiple datasets, along with comparative analyses against existing
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Fig. 2. An overview of the taxonomy of point cloud registration methods.

methods. Section 5 concludes the paper and discusses potential direc-
tions for future research.

2. Related work

This section reviews the related work pertinent to our study. We cat-
egorize point cloud registration methods into two main groups: tradi-
tional approaches and learning-based methods. Traditional registration
techniques typically consist of two sequential stages: coarse registra-
tion, which provides an initial alignment, followed by fine registration
to refine the transformation. Learning-based registration methods can
be further divided into keypoint-based and keypoint-free approaches. A
summary of the classification of point cloud registration methods is il-
lustrated in Fig. 2. In addition, we also review relevant literature in the
areas of multimodal learning and Transformer-based network architec-
tures, which provide valuable insights and methodological inspiration
for our work.

Traditional 3D registration methods. Traditional point cloud reg-
istration algorithms can be categorized into coarse registration and
fine registration. Coarse registration methods (Guo, Sohel, Bennamoun,
Lu, & Wan, 2013; Johnson & Hebert, 1999; Rusu, Blodow, & Beetz,
2009; Rusu, Blodow, Marton, & Beetz, 2008) aim to roughly align two
point clouds from their initial positions, providing an initial estimate
for subsequent fine registration. Fine registration performs more accu-
rate alignment based on coarse registration. Among various registra-
tion methods, the Iterative Closest Point (ICP) algorithm (Besl & McKay,
1992; Chen & Medioni, 1992; Rusinkiewicz & Levoy, 2001), is the most
well-known and efficient algorithm for aligning two 2D or 3D point sets
under Euclidean (rigid) transformations. Given an initial transforma-
tion, ICP iteratively performs two steps on the two point sets to ensure
convergence towards a locally optimal alignment: (1) finding the clos-
est points as correspondences under the current transformation, (2) de-
termining the optimal transformation that minimizes the distances be-
tween corresponding points using Singular Value Decomposition (SVD).
However, ICP and its variants are prone to converging to local optima,
and they are sensitive to noise, outliers, and partial overlap, with their
success highly dependent on good initialization.

Learning-based point cloud registration methods. Recent
learning-based point cloud registration methods are predominantly
dominated by deep learning approaches based on correspondences.
Correspondence-based methods (Choy, Park, & Koltun, 2019; Deng,
Birdal, & Ilic, 2018; Gojcic, Zhou, Wegner, & Wieser, 2019) firstly es-
tablish correspondences between learned keypoints and then recover
the transformation with a robust pose estimator such as RANSAC (Fis-
chler & Bolles, 1981) or other RANSAC-free estimators (Bai et al., 2021;
Choy, Dong, & Koltun, 2020). According to the way of extracting corre-
spondences, these methods can be further divided into two categories,
including keypoint-based methods and keypoint-free methods. The first
category aims to detect more repeatable key points (Bai et al., 2020;
Huang et al., 2021) and learn more powerful descriptors for key points

(Ao et al., 2022; Ao, Hu, Yang, Markham, & Guo, 2021). The second
category (Qin et al., 2022; Yu et al., 2021, 2023b), however, retrieves
correspondences without key point detection by considering all possible
matches. This method follows a detection-free approach and utilizes ge-
ometric information to improve the accuracy of correspondences. Our
method focuses on further enhancing the feature discriminativeness of
attention-based methods, it can be combined with both keypoint-based
and keypoint-free methods.

Multi-modal learning. Multi-modal learning is currently a hot re-
search area (Hou, Dai, & Niener, 2019; Hou, Xie, Graham, Dai, &
Nief3ner, 2021), and 2D-3D joint learning is a typical multi-modal learn-
ing branch. Pri3d (Hou et al., 2021) employs an implicit pretrain-and-
finetune strategy to combine 2D and 3D knowledge for 2D downstream
tasks. 3D-SIS (Hou et al., 2019) and RevalNet (Hou, Dai, & Niel3ner,
2020) propose an implicit fusion of color signal for 3D instance seg-
mentation and detection tasks. ImVoteNet (Qi, Chen, Litany, & Guibas,
2020) explicitly uses 2D color input to enhance the performance of 3D
object detection. BYOC (El Banani & Johnson, 2021), PCR-CG (Zhang,
Yu, Huang, Zhou, & Hou, 2022) and (El Banani et al., 2021; Zhou, Ren,
Yu, Qu, & Dai, 2024) proposes to explicitly fuse image features with
point clouds to improve the accuracy of point cloud registration. In this
paper, we employ the explicit fashion to leverage the 2D prior.

Transformers. The Transformer models (Devlin, Chang, Lee, &
Toutanova, 2018; Vaswani et al., 2017) utilize a novel attention mech-
anism, employing multiple layers of self and cross multi-head attention
to facilitate information exchange between input and output, demon-
strating the superior performance of feature representation for NLP and
vision tasks. Focal self-attention (Yang et al., 2021) is to incorporate
fine-grained local and coarse-grained global interactions to capture both
short and long-range visual dependencies. Deformable DETR (Zhu et al.,
2020) uses deformable attention, which solely attends to a small set
of key sampling points around a reference to aggregate multi-scale im-
age features. GeoTransformer (Qin et al., 2022) utilizes geometric self-
attention to extract transformation-invariant geometric features by en-
coding geometric structure. Masked-attention (Cheng, Misra, Schwing,
Kirillov, & Girdhar, 2022) introduces the masked attention mechanism,
which allows the model to better focus on object boundaries and details
during segmentation, thereby improving segmentation accuracy. In this
paper, we adopt an explicit attention learning fashion to learn discrim-
inative features for low-overlap point clouds.

3. Method

We define point clouds P = {Px, eR3¥|i=1,...,N} and Q=
{q,, € R3|i=1,..., M},as“source” and “target”, respectively. The pur-
pose of point cloud registration is to recover the unknown rigid transfor-
mation SE(3), which consists of a rotation R € SO(3) and a translation
T € R? for aligning P and Q.

The pipeline of our method is illustrated in Fig. 3. Firstly, we follow
PEAL (Yu et al., 2023b) to predict the overlap prior. Given the overlap
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Fig. 3. The comprehensive framework of our method. The backbone KPConv-FPN downsamples the input point clouds and learns features in multiple resolution
levels. The geometry structure embedding encodes a local geometry structure. The local geometric self-attention learns one-way correlations with the anchor su-
perpoints (selected according to the given overlap prior, painted in red or green) to encode intra-frame geometric consistency. The discriminative features are then
exchanged between two point clouds using a feature-based cross-attention. The resulting correspondences are then sent to the point matching module to calculate

the transformation.

prior, we then employ a coarse-to-fine technique to extract correspon-
dences. We build our method upon GeoTransformer (Qin et al., 2022),
which utilizes KPConv-FPN (Thomas et al., 2019) to simultaneously
downsample the input point clouds and extract point-wise features. The
first and the last (coarsest) level of downsampled points correspond to
the dense points and the superpoints, respectively. The superpoints are
denoted by P and O, with their associated learned features denoted as
¥” and F<.

In 7 and O, the superpoints lying in the putative overlapping re-
gion are identified as anchor superpoints and denoted as P, and J ,,
respectively. The remaining superpoints are considered non-anchor su-
perpoints and are denoted as Py, and Qy 4, respectively. Intra-frame
attention modules, described in Sections 3.1 and 3.2, are employed to
learn superpoint features. The two types of our explicit intra-frame at-
tention modules are illustrated in Fig. 4. Furthermore, the inter-frame
cross-attention is performed to facilitate feature exchange between the
two point clouds. Then we follow GeoTransformer (Qin et al., 2022) to
extract the superpoint correspondences, which are then propagated to
the point matching module to obtain dense point correspondences for
the calculation of rigid transformation.

Intra Frame

Geometric One-way
self-attention attention
(a) PEAL

P Anchor

P Non—anchor

: QAnchor

® QNon—anchor

3.1. Preliminaries

3.1.1. Revisiting self-attention mechanism

The self-attention mechanism (Vaswani et al., 2017) employs multi-
head attention to jointly attend to information across diverse represen-
tation subspaces and positions.

MHAttn (Q, K, V) = Concat (head,, ... , head;,)W°
head, = Attn (QWZ, KWK, VW) ), &)

where MHAttn denotes the multihead attention operation, and Attn
denotes the attention operation. Q, K, and V represent queries,
keys, and values, respectively. Additionally, W,¢ € Rémoaex, WK e
Rémodedi PV € Rémodel® and WO € R**dmodel, The computation of
each attention head is described as:

T
t

In the self-attention layer of the point cloud registration task, the
queries, keys, and values are typically set to the corresponding

Attn(Q, K, V) = softmax(

Intra Frame

: P Anchor

PNon—anchor

: QAnchor

® QNon—anchor

Local geometric
self-attention

(b) EfficientPEAL

Fig. 4. The intra-frame attention module of standard PEAL and EfficientPEAL, EfficientPEAL indicates the lite model with local geometric self-attention. PEAL learns
self-attention first, then models one-way feature correlations between anchor and non-anchor superpoints. While EfficientPEAL learns local geometric self-attention

with the anchor superpoints to substitute self-attention.
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Fig. 5. Illustration of 3D and 2D overlap prior prediction used for anchor superpoint selection. (a) The 3D overlap prior is obtained by performing coarse registration
using GeoTransformer, followed by extracting superpoints within the predicted overlapping region. (b) The 2D overlap prior is generated by projecting matched
pixels from paired RGB images back into the 3D space to estimate coarse overlapping regions in the point clouds.

features extracted from the same point cloud. Specifically, in the con-
text of the source point cloud, the self-attention mechanism is applied
as MHAttn(E”, 7, F7), and similarly for the target point cloud. This de-
sign choice enables points within each point cloud to attend to other
informative regions within the same point cloud.

3.1.2. Revisiting PEAL

The registration performance of existing correspondence-based
methods (Huang et al., 2021; Qin et al., 2022; Yu et al., 2021) heavily
relies on discriminative superpoint features. Some recent methods, such
as GeoTransformer (Qin et al., 2022), propose encoding global geomet-
ric structure to learn transformation-invariant features via the attention
mechanism. However, utilizing self-attention for learning intra-frame
point-wise features may introduce ambiguities. Because self-attention
learns the global correlations, in which the incorrect correlations with a
large range of non-overlapping superpoints introduce ambiguous ones.
For the point cloud registration task, the correlations with the overlap-
ping superpoints are the key to encoding inter-frame geometric consis-
tency.

In our preliminary work PEAL (Yu et al., 2023b), we obtain the 3D
overlap prior by applying GeoTransformer to predict a coarse transfor-
mation, followed by a nearest neighbor search within a distance thresh-
old to identify overlapping regions, as illustrated in Fig. 5 (a) . For the
2D overlap prior, we follow PCR-CG (Zhang et al., 2022) by using Super-
Glue (Sarlin, DeTone, Malisiewicz, & Rabinovich, 2020) to extract 2D
image correspondences, expand them with bounding boxes, and project
the matched pixels into 3D space, as shown in Fig. 5 (b) . Superpoints
whose local patches contain prior points are then defined as anchor
superpoints. PEAL divides the points into the anchor and non-anchor
regions, which allows for a higher overlap ratio in the anchor region.
Then it utilizes an explicit one-way attention module followed by self-
attention to avoid introducing ambiguous geometric correlations from
non-anchor superpoints. Since the complexity of one-way attention de-
pends on the number of queries (input points) and keys (anchor super-
points), a higher number of anchor superpoints leads to lower compu-
tational efficiency of the attention module.

PEAL achieves superpoint matching by utilizing three attention mod-
ules, including a geometric self-attention module (Qin et al., 2022) to
learn intra-frame point-wise geometric features, an explicit one-way
attention module to enhance inter-frame local geometric consistency,
and a feature-based cross-attention module to perform feature exchange
between “source” and “target” point clouds. These three attention mod-
ules are interleaved for N, times to extract hybrid features H” and H?
for reliable superpoint matching.

Explicit one-way attention. Followed by self-attention, then PEAL
(Yu et al., 2023b) utilizes a one-way attention module to explicitly learn
the intra-frame correlation with the anchor superpoints. Given anchor
superpoints attention feature matrices X”4 and non-anchor superpoints
attention feature matrices XﬁNA, the non-anchor superpoints attention
features Z”~4 can be updated by the features of anchor superpoints X”,
which is computed as:

. [Pl .
g =Ya,, (XZ,,’AwV). 3)
m=1

Similar to geometric self-attention, a4, ,, represents a row-wise softmax
on the attention score e, ,,, which is the feature correlation between the

XP~4 and XPa:
. . T
(v w)
epm = . @

\/7[

The attention features of X9v4 are updated same as XPn4, while X4
and X”4 remain unchanged.

3.2. Local geometric self-attention

When aligning two partially overlapping 3D point clouds, humans
typically begin by identifying a small, recognizable region shared by
both scans—such as overlapping tables or chairs—and then progres-
sively expand their attention to adjacent areas by leveraging spatial con-
tinuity and structural context. This localized and incremental matching
strategy naturally avoids distraction from unrelated regions and enables
more accurate alignment. Similarly, in partially overlapping point cloud
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scenarios, only a small subset of superpoints—those located within the
actual overlapping regions—contribute meaningfully to the matching
process. However, conventional self-attention mechanisms indiscrimi-
nately model global correlations across all superpoints, without differ-
entiating between overlapping and non-overlapping regions. This often
results in redundant computation and interference from irrelevant ar-
eas, which significantly hampers feature discriminability, especially un-
der low-overlap conditions. To address these limitations, we propose a
local geometric self-attention mechanism. By explicitly constraining the
attention scope, this module models feature correlations only among an-
chor superpoints that are predicted to lie within the overlapping regions,
thereby effectively suppressing the influence of non-overlapping areas.
To illustrate this, let’s consider the example of a downsampled point
cloud P and its corresponding anchor superpoint cloud 7,. While the
queries are set to the point cloud as usual, the keys and values are set to
the anchor superpoint cloud. This allows us to formulate self-attention
as MHAttn(Q = F? K = F”, V = F”) as formulated as:

MHAttn(Q = F”, K = FP4(K ,), V = FP4(V ,)). (5)
Therefore, the computation of the attention scores can be formulated
as:
R ; T
(xipWQ) (XZA WKa + 1, , WRa )
Cim= 5 6)

Vi,
where r;

:m Tefers to the local geometric structure embedding. Then
we perform the softmax function to the attention score: a;, =

softmax (e; ). Finally, the output feature matrix Z € RI”*¢ is obtained
by performing a weighted sum of all projected input features:

P4l .
z; = Z ai,m(xiAWVA ) 7

m=1
Local geometric structure embedding. As shown in Fig. 6, the stan-
dard geometric structure embedding (Qin et al., 2022) computes global
pairwise distance embeddings and triplet angle embeddings to model
the geometric structure of the point cloud, providing invariance to rigid
transformations. However, in point cloud registration tasks, especially
when only partial overlap exists between frames, we argue that global
geometric encoding may introduce redundancy or even noise. Instead,
encoding geometric consistency across frames can be achieved more ef-
fectively by solely focusing on the geometric structures within the over-
lapping regions. Local distance and angular embeddings capture the ge-
ometric structure information of overlapping points in the point cloud,
reducing ambiguity in feature description and constructing rotation-
invariant feature representations, thereby enhancing the discrimination

— Computing geomtric structure embedding
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of features. Given superpoint clouds ? and O, as well as explicit puta-
tive overlapping (anchor) superpoints (f’xi’qy/) obtained from existing
2D/3D matching methods, we modify the standard geometric embed-
ding to a local geometric embedding. The computation of the local ge-
ometric embedding is described as follows:

(1) Local distance emebedding. In the standard Pair-wise Distance Em-
bedding, the distance embedding is computed as:

pij = Hf’z -p; |2’f)i EP.p; EP. (3
Here, we compute the distance between superpoints 7 and anchor su-
perpoints ?,. This approach focuses on capturing a more discrimina-
tive geometric structure, which aims to avoid introducing ambiguous
geometric structures from non-anchor superpoints.

Pim = B: =Bl B € P.byy € Py ©
Then, the distance embedding r2 between p, and p, is computed by
applying a sinusoidal function (Vaswani et al., 2017) on p; ,/c,. Here,
same as (Qin et al., 2022), o, is a hyper-parameter used to tune the
sensitivity on distance variations:
D _ gin ( /o4
Timak = S0 ( 100002/ )
dim/0d )

(10)
rP =cos | —=57—
i,m2k+1 100002k /d;

(2) Local angular emebedding. We select the K nearest neighbors K,
of p,,. Given p, € K,,, similar to Local distance embedding in Eq. 9, we
compute the explicit local angle structure of superpoints as:

af = 2(Ac 1 Ayy),s

im pi EP, f)m € 7)A' (11)
where A;,, = p; — p,,- The triplet-wise angular embedding rI.Am . is then
computed with a sinusoidal function on af, /o,, with o, controlling the
sensitivity on angular variations:

rA = sin /%
imy2l ~ 100002/4¢
y
4 _ @ /%
Timyarer = €08 < 10000274 |

Finally, we compute the geometric structure embedding r; ,, by aggre-
gating the pair-wise distance embedding and the triplet-wise angular
embedding using projection matrices WP and W4:

12)

i = ri{)mWD + maxy{ri’fm,yWA } 13)

where WP and W4 are projection matrices of size d, X d, for the distance
and angular embeddings, respectively. Taking the point cloud P as an
example, the detailed procedure of the local geometric self-attention

—— Computing local distance embedding

-~ Computing local angular embedding

(a)

(b)

Fig. 6. The illustration shows the standard geometric structure embedding on the left and the local geometric structure embedding on the right. In the standard
setting, global pairwise geometric structures are computed across all points. In contrast, the local geometric structure embedding focuses solely on the geometric
relationships within the overlapping regions (highlighted in green in Fig.(b)), thereby reducing interference from non-overlapping areas. In Fig.(b), the red lines
indicate the distances computed between a query point and the overlapping points, while the green arcs represent the triplet angles formed between the query point

and its neighboring overlapping points.
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Fig. 7. Left: The structure of local geometric self-attention. Right: The computation of the local geometric self-attention mechanism. N represents the size of input

superpoints, while M represents the size of input anchor superpoints.

Algorithm 1 Local geometric self-attention.

1: Input: Superpoints P, anchor superpoints P, ; feature matrix F p (su-
perpoints), F B, (anchor superpoints); neighbor size K

: Output: Updated features Z € RI?xd
: Step 1: Compute local geometric structure embedding
: for each j; € P and p,, € P, do
Compute local distance: p; ,, = [I5; — byl
Compute sinusoidal distance embedding: rif’m
Find K neighbors of j,, in P,
for each neighbor p, of p,, do
Compute angle: al?fm = 2Py — P> Di — D)

0 9ON QTN

—
=4

Compute angular embedding: riA,’nX
end for
=10 WP 4 maxx(rfr;leA)
: end for

I e
g hwdhe

: Step 2: Compute local geometric self-attention
: Q=F;W¢

: K=F; WK+ RWR

: V=F; WY

: A = softmax(QK' /+/d,)

. Z=AV

: return Z

N N = =
= O O W N O

module is summarized in Algorithm 1. The computation process of the
local geometric self-attention is illustrated in Fig. 7.

Next, an inter-frame feature-based cross-attention module is used to
facilitate the exchange of features between the input point clouds (Qin
et al., 2022). The resultant superpoint features are then sent to the su-
perpoint matching module for reasoning precise superpoint correspon-
dences. Finally, we perform point matching (Qin et al., 2022) to extract
the dense point correspondences and local-to-global registration to ob-
tain the estimated transformation.

Loss functions. We build our method upon GeoTransformer (Qin et al.,
2022), and inherent their losses as well. The definition of overlap-aware

circle loss, as well as point matching loss, are identical to GeoTrans-
former.

4. Experimental results

In this section, we conduct extensive experiments to evaluate the
effectiveness of our approach. We first evaluate our method on indoor
3DMatch (Zeng et al., 2017) and 3DLoMatch (Huang et al., 2021) bench-
marks (Section 4.1) using both 2D prior and 3D prior. To further eval-
uate the effectiveness of using 2D prior, we evaluate our approach on
the largest RGB-D dataset ScanNet (Dai et al., 2017), where the model
is trained on the 3DMatch RGB-D dataset (Section 4.2). Finally, we
conduct ablation studies and evaluate our method on KITTI dataset
(Geiger, Lenz, & Urtasun, 2012) in Section 4.3. In the experimental
tables, boldfaced numbers highlight the best and the second best are
underlined.

4.1. 3DMatch & 3DLoMatch

Dataset. 3DMatch (Zeng et al., 2017) is composed of 62 scenes, among
which 46 are used for training, 8 for validation, and 8 for testing. Each
scene is associated with RGB-D data. We evaluate our approach using
the preprocessed training point clouds provided by Huang et al. (2021),
and test it on both the 3DMatch and 3DLoMatch protocols. The point
cloud pairs on 3DMatch have an overlap greater than 0.3, while those
in 3DLoMatch exhibit lower overlap ranging from 0.1 to 0.3.

We collect the corresponding RGB-D data (Zhang et al., 2022) for
both benchmarks, where each point cloud is generated by fusing 50
consecutive depth frames. Since the RGB and depth images are paired,
each point cloud is also associated with 50 RGB frames.

Experiments setup. The 3D overlap prior is acquired by perform-
ing a nearest neighbor search under the estimated transformation, with
a threshold of 0.0375m to determine the predicted overlap region. To
obtain 2D overlap prior, considering the computation cost of inferencing
2D correspondences, we use three frames of images for both the source
and target point clouds. Correspondences are extracted from nine pairs
of images using Superglue (Sarlin et al., 2020), with an image resolu-
tion of [640,480]. The XYZ coordinates of each point cloud are projected
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Table 1
Evaluation results on 3DMatch and 3DLoMatch.
3DMatch 3DLoMatch
Samples 5000 2500 1000 500 250 5000 2500 1000 500 250
Feature Matching Recall(%) 1
PerfectMatch (Gojcic et al., 2019) 95.0 94.3 92.9 90.1 82.9 63.6 61.7 53.6 45.2 34.2
FCGF (Choy et al., 2019) 97.4 97.3 97.0 96.7 96.6 76.6 75.4 74.2 71.7 67.3
D3Feat (Bai et al., 2020) 95.6 95.4 94.5 94.1 93.1 67.3 66.7 67.0 66.7 66.5
SpinNet (Ao et al., 2021) 97.6 97.2 96.8 95.5 94.3 75.3 74.9 72.5 70.0 63.6
Predator (Huang et al., 2021) 96.6 96.6 96.5 96.3 96.5 78.6 77.4 76.3 75.7 75.3
YOHO (Wang, Liu, Dong, & Wang, 2022) 98.2 97.6 97.5 97.7 96.0 79.4 78.1 76.3 73.8 69.1
CoFiNet (Yu et al., 2021) 98.1 98.3 98.1 98.2 98.3 83.1 83.5 83.3 83.1 82.6
GeoTransformer (Qin et al., 2022) 97.9 97.9 97.9 97.9 97.6 88.3 88.6 88.8 88.6 88.3
RoITr (Yu et al., 2023a) 98.0 98.0 97.9 98.0 97.9 89.6 89.6 89.5 89.4 89.3
PEAL-3D(Yu et al., 2023b) 98.5 98.5 98.4 98.4 98.4 887 89.0 888 88.6 88.7
EfficientPEAL-3D 98.2 98.1 98.3 98.5 983 86.4 86.8 87.4 87.7 87.4
Inlier Ratio (%) 1
PerfectMatch (Gojcic et al., 2019) 36.0 325 26.4 21.5 16.4 11.4 10.1 8.0 6.4 4.8
FCGF (Choy et al., 2019) 56.8 54.1 48.7 42.5 34.1 21.4 20.0 17.2 14.8 11.6
D3Feat (Bai et al., 2020) 39.0 38.8 40.4 41.5 41.8 13.2 13.1 14.0 14.6 15.0
SpinNet (Ao et al., 2021) 47.5 44.7 39.4 33.9 27.6 20.5 19.0 16.3 13.8 11.1
Predator (Huang et al., 2021) 58.0 58.4 57.1 54.1 49.3 26.7 28.1 28.3 27.5 25.8
YOHO (Wang et al., 2022) 64.4 60.7 55.7 46.4 41.2 25.9 23.3 22.6 18.2 15.0
CoFiNet (Yu et al., 2021) 49.8 51.2 51.9 52.2 52.2 24.4 25.9 26.7 26.8 26.9
GeoTransformer (Qin et al., 2022) 71.9 75.2 76.0 82.2 85.1 43.5 45.3 46.2 52.9 57.7
RoITr (Yu et al., 2023a) 82.6 82.8 93.0 83.0 83.0 54.3 54.6 55.1 55.2  55.3
PEAL-3D(Yu et al., 2023b) 73.9 805 855 87.4 886 479 536 600 627 64.6
EfficientPEAL-3D 73.1 79.8 84.6 86.5 87.7 47.1 52.8 59.2 61.8 63.6
Registration Recall(%) 1
PerfectMatch (Gojcic et al., 2019) 78.4 76.2 71.4 67.6 50.8 33.0 29.0 23.3 17.0 11.0
FCGF (Choy et al., 2019) 85.1 84.7 83.3 81.6 71.4 40.1 41.7 38.2 35.4 26.8
D3Feat (Bai et al., 2020) 81.6 84.5 83.4 82.4 77.9 37.2 42.7 46.9 43.8 39.1
SpinNet (Ao et al., 2021) 88.6 86.6 85.5 83.5 70.2 59.8 54.9 48.3 39.8 26.8
Predator (Huang et al., 2021) 89.0 89.9 90.6 88.5 86.6 59.8 61.2 62.4 60.8 58.1
YOHO (Wang et al., 2022) 90.8 90.3 89.1 88.6 84.5 65.2 65.5 63.2 56.5 48.0
CoFiNet (Yu et al., 2021) 89.3 88.9 88.4 87.4 87.0 67.5 66.2 64.2 63.1 61.0
Lepard (Li & Harada, 2022) 93.5 69.0
GeoTransformer (Qin et al., 2022) 92.0 91.8 91.8 91.4 91.2 75.0 74.8 74.2 74.1 73.5
RolITr (Yu et al., 2023a) 91.9 91.7 91.8 91.4 91.0 74.7 74.8 74.8 74.2 73.6
PEAL-3D(Yu et al., 2023b) 94.6 94.2 93.9 937 932 79.5 79.5 79.1 78.4 77.6
SemReg (Fung et al., 2025) 94.7 75.9
EfficientPEAL-3D 940 932 934 932 927 790 784 784 781 773

onto their associated image planes to establish the pixel-point correspon-
dence relationship, with a depth threshold of 0.2m. During training,we
use a single GPU (RTX3090) and set the batch size to one due to the high
memory demands of point cloud registration tasks and to maintain con-
sistency with prior work such as GeoTransformer (Qin et al., 2022) and
PEAL (Yu et al., 2023b). This setup allows fair comparison and ensures
accessibility for researchers with limited hardware resources. The model
is trained for 20 epochs using the Adam optimizer with a learning rate
of 1le-4, and tested with six iterative updates for transformation refine-
ment. The remaining experimental setup follows the same configuration
as GeoTransformer (Qin et al., 2022).

Metrics. We compare the results on five metrics as prior works (Qin
et al., 2022; Yu et al., 2023b), namely Registration Recall (RR), Feature
Matching Recall (FMR), Inlier ratio (IR), Relative Rotation Error (RRE)
as well as Relative Translation Error (RTE), the definitions of these met-
rics are as follows: (1) Inlier Ratio (IR) measures the fraction of puta-
tive correspondences whose residuals are below a certain threshold (i.e.,
0.1m) under the ground-truth transformation, (2) Feature Matching Re-
call (FMR) represents the fraction of point cloud pairs whose inlier ratio
is above a certain threshold (i.e., 5%), with less than 10 cm residual
under the ground truth transformation, even if the transformation can
not be recovered from those matches. In practical applications, there is
often a trade-off between FMR and IR: increasing FMR retains more po-
tential matches and improves coverage, but may introduce more outliers
and reduce IR; on the other hand, overly emphasizing IR may discard

critical correspondences, compromising the robustness of pose estima-
tion. In pose estimation tasks, a higher IR contributes to more accurate
estimation, but overly low FMR may still lead to failure. In the point
cloud registration task, Registration Recall is the main metric we com-
pare on and is most reliable. (3) Registration Recall (RR) represents
the fraction of point cloud pairs whose transformation error is smaller
than a certain threshold (i.e., RMSE < 0.2m), (4) Relative Transla-
tion (RTE) and Rotation Errors (RRE) measure the deviations from the
ground truth pose. More specifically, the RTE is computed by the dif-
ferences between two frames by L1 norm; RRE is the drifted degrees
between two frames registered by the predicted transformation. Please
refer to supplementary materials for detailed explanations and equation
definitions.

Main results. Following Bai et al. (2020) and Huang et al. (2021),
we report the results with different numbers of correspondences us-
ing the RANSAC estimator in Table 1. Compared with PEAL (Yu et al.,
2023Db), EfficientPEAL achieves comparable Feature Matching Recall on
both 3DMatch and 3DLoMatch. For Inlier Ratio, Our method improves
by no less than 2.6% on 3DLoMatch and 1.2% on 3DMatch compared
to the baseline GeoTransformer (Qin et al., 2022). The improvement
is more prominent with fewer sampled correspondences, for instance,
EfficientPEAL-3D achieves 59 + % Inlier Ratio on 1000, 500, and 250
sampled correspondences on 3DLoMatch. For Registration Recall, our
method outperforms GeoTransformer (Qin et al.,, 2022) by 4.0% on
3DLoMatch.
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Table 2
Registration results without RANSAC on 3DMatch (3DM) and 3DLoMatch
(3DLM).
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Table 4
Relative Rotation Errors (RRE) and Relative Translation Errors (RTE) on
3DMatch and 3DLoMatch benchmarks.

RR(%) 3DMatch 3DLoMatch
Models Estimator Samples 3DM 3DLM Estimator RRE(°) RTE (m) RRE(°) RTE (m)
CoFiNet (Yu et al., 2021) LGR all 87.6 64.8 Predator (Huang RANSAC-50k 2.029 0.064 3.048 0.093
REGTR (Yew & Lee, 2022) RANSAC-free all 92.0 64.8 et al., 2021)
GeoTransformer (Qin et al., 2022) LGR all 91.5 74.0 CoFiNet (Yu RANSAC-50k 2.002 0.064 3.271 0.090
PEAL-3D(Yu et al., 2023b) LGR all 94.5 79.2 et al.,, 2021)
EfficientPEAL-3D LGR all 93.4 78.8 PCR-CG Zhang RANSAC-50k 1.993 0.061 3.002 0.087
PEAL-2D(Yu et al., 2023b) LGR all 95.2 81.2 et al. (2022)
EfficientPEAL-2D LGR all 94.5 80.3 GeoTrans- RANSAC-free 1.772 0.061 2.849 0.088
former (Qin
et al., 2022)
Table 3 REGTR (Yew & RANSAC-free 1.567 0.049 2.827 0.077
Evaluation of transformer complexity, GPU comsumption and runtime on Lee, 2022)
3DLoMatch, we don’t use the iterative updating module in this experiment. PEAL-3D(Yu RANSAC-free  1.749 0.062 2711 0.085
et al., 2023b)
Models Comp. RR(%)  GPU(GB) Infer.(s) EfficientPEAL- RANSACfree  1.745  0.061 2789 0.086
PEAL-3D(Yu et al., O(N?) + O(k,N*) 785 9.12 0.220 3D
2023b)
EfficientPEAL-3D o (k2 Nz) 77.9 3.56 0.151

RANSAC-free estimator. We compare the registration results of
the RANSAC-free estimator in Table 2. We separate our models into
EfficientPEAL-2D and EfficientPEAL-3D according to the method of
acquiring overlap prior. Both of them achieve comparable performance
compared with PEAL (Yu et al., 2023b) on 3DMatch and 3DLoMatch.
The improvement over the baseline is more prominent than using the
RANSAC estimator. When 2D information is introduced, our method can
achieve higher performance. Specifically, EfficientPEAL-2D improves
previous best (REGTR Yew & Lee, 2022 on 3DMatch, GeoTransformer
Qin et al., 2022 in 3DLoMatch) by 2.5% on 3DMatch and 6.3% on
3DLoMatch. Similarly, EfficientPEAL-3D outperforms the baseline by
1.9% on 3DMatch and 4.8% on 3DLoMatch, showcasing significant
improvements compared to the baseline method. In conclusion, both
EfficientPEAL-3D and EfficientPEAL-2D demonstrate noteworthy ad-
vancements in registration accuracy compared to GeoTransformer.

Complexity and runtime. The computational complexity of the
standard self-attention and one-way attention used in PEAL (Yu et al.,
2023b) is approximately O(|P|d? + |P|?d?) + O(|P||P4]d?), which
may become a limitation in terms of scalability and efficiency when
dealing with a large number of superpoints. We reformulate the self-
attention module by focusing on modeling the one-way correlation with
the anchor superpoints. This modification reduces the computation com-
plexity to O(|P|[P|d?).

We compare the model complexity with the baseline methods using
LGR estimator in Table 3. For simplicity, we approximate the complex-

ity of geometric self-attention as O(N?). The computational complex-
ity of the proposed method is evaluated by comparing the inference
time and peak GPU memory occupancy (GB). The complexity of local
geometric attention is denoted as O(k, N?), where k, represents the ra-
tio of anchor superpoints to input superpoints. In this study, we com-
pute the average ratio between the number of anchor superpoints and
input superpoints on the 3DLoMatch dataset, resulting in k; = 0.18 and
ky = 0.29. As shown in the table, EfficientPEAL-3D achieves comparable
registration performance with PEAL while reducing the complexity of
the Transformer by 75%. Additionally, EfficientPEAL-3D demonstrates
significant speed improvements in terms of inference time when com-
pared to PEAL-3D (Yu et al., 2023b). Given the practical application,
we provide the peak GPU memory occupancy (GB) in this table. On
GPU memory occupancy, EfficientPEAL-3D is only about 39% of PEAL
(Yu et al., 2023b). Experimental results demonstrate that EfficientPEAL
achieves comparable accuracy to the standard PEAL while significantly
reducing the computation complexity and time. By explicitly consider-
ing local geometric consistency, the local geometric self-attention mod-
ule effectively addresses the issue of global feature ambiguities present
in self-attention.

RRE and RTE. We then compare the RRE and RTE with the recent
state-of-the-arts in Table 4. As shown in this table, we achieve the second
best in RRE, RTE on 3DMatch, and RTE on 3DLoMatch, and the best in
RRE on 3DLoMatch.

Qualitative results. We visualize the registration results of Efficient-
PEAL, PEAL (Yu et al., 2023b) and GeoTransformer (Qin et al., 2022)
in Fig. 8. Our approach, which incorporates explicit attention learn-

1 1
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Fig. 8. Comparison of the registration results on 3DLoMatch. Benefitting from the promising overlap ratio in the anchor region, both EfficientPEAL-3D and
EfficientPEAL-2D effectively recognize the overlapping region and successfully register the point clouds. The registration performance of EfficientPEAL is comparable

to that of PEAL, while the baseline GeoTransformer fails to register these scenarios.
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Table 5
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Pairwise registration accuracies on the ScanNet dataset. We report the rotation accuracy with different angles (i.e., 5°, 10°, and 45°), and the translation accuracy

with different lengths (i.e., 5cm, 10cm, and 25cm).

Rotation Accuracy t Error| Translation Accuracy 1 Error|

Frame
Methods Train set interval ~ 5° 10° 45° Mean  Med 5cm 10cm 25cm Mean  Med
ICP (Besl & Mckay, 1992) 20 31.7 55.6 99.6 10.4 8.8 7.5 19.4 74.6 22.4 20.0
FPFH (Rusu et al., 2009) 20 341 64.0 90.3 20.6 7.2 8.8 26.7 66.8 42.6 18.6
SIFT (Lowe, 2004) + RANSAC 20 55.2 75.7 89.2 - 17.7 44.5 79.8 - -
SuperPoint (DeTone, Malisiewicz, & Rabinovich, 2018) + RANSAC 20 65.5 86.9 96.6 - 21.2 51.7 88.0 -
FCGF (Choy et al., 2019) + RANSAC 20 70.2 87.7 96.2 - 27.5 58.3 82.9 -
BYOC (El Banani & Johnson, 2021) 3DMatch 20 66.5 85.2 98.8 2.7 0.8 83.8 93.8 97.6 5.8 2.0
UR& R (El Banani et al., 2021) 3DMatch 20 87.6 93.7 98.8 3.8 1.1 67.5 83.8 94.6 8.5 3.0
GeoTransformer (Qin et al., 2022) 3DMatch 20 95.4 97.9 98.8 3.4 1.2 79.5 92.0 97.0 7.3 2.6
EfficientPEAL-2D 3DMatch 20 97.8 99.6 99.9 1.2 1.0 85.0 97.4 99.6 3.0 2.0
BYOC (El Banani & Johnson, 2021) 3DMatch 50 53.2 68.0 94.5 16.1 6.9 27.5 42.2 65.0 33.5 18.9
GeoTransformer (Qin et al., 2022) 3DMatch 50 77.5 84.3 89.6 17.6 2.1 48.8 69.9 80.9 33.1 5.2
EfficientPEAL-2D 3DMatch 50 85.1 91.3 94.8 9.7 1.8 57.2 78.8 89.3 17.1 4.3
ing, demonstrates a notable enhancement in registration performance Table 6

for low-overlap scenarios. Both of our proposed models exhibit strong
performance compared to the baseline method.

4.2. ScanNet

Datasets. We follow UR&R (FEl Banani et al., 2021) to evalu-
ate our methods on the largest indoor RGB-D dataset ScanNet (Dai
et al., 2017). As in El Banani et al. (2021), we train our models
on 3DMatch (Zeng et al., 2017) RGB-D dataset and evaluate them
on ScanNet (Dai et al.,, 2017). The ScanNet dataset provided RGB-D
videos with annotated poses for 1,513 scenes, while the RGB-D dataset
of 3DMatch contains 101 scenes. We use the same setting as UR&R
to split training/validation/test data for both 3DMatch and ScanNet
datasets.

Training details. We train our models using the 3D Match dataset
and evaluate their performance on ScanNet. For training, we randomly
select 20,000 pairs from the 3DMatch dataset. The model is trained for
200,000 iterations using a learning rate of le-4. The training process
is conducted on a machine equipped with a single NVIDIA 3090 GPU.
We employ the Adam Optimizer with an epsilon value of le-4 and a
momentum of 0.9.

Metrics. We use the evaluation metrics including the rotation er-
ror and translation error as in El Banani et al. (2021); El Banani
and Johnson (2021). Furthermore, we also report the registration
accuracy, which refers to the accuracy within three different rota-
tion angle thresholds, and translation accuracy within three length
thresholds.

Experimental results. We report the registration results in Table 5,
it is clear that the supervised approaches (EfficientPEAL-2D and Geo-
Transformer) outperform all the other methods by a large margin, both
of the two methods achieve a significant improvement in the 5° rotation
accuracy and 5cm translation accuracy settings. Notably, our proposed
method demonstrates a 2.4% enhancement on the 5° rotation accuracy
and improves by 5.5% on 5cm translation accuracy, showing robust im-
provements compared to the baseline method.

To further evaluate the effectiveness of our methods, we propose
conducting experiments in a more challenging setting: low-overlap RGB-
D point cloud registration. We sample the RGB-D image pairs using a
more sparse frame interval (eg. from 20 to 50), resulting in a lower
overlapping region. We compare our method with the baseline meth-
ods and report the results at the bottom of Table 5. As shown in Ta-
ble 5, when the frame interval increases from 20 to 50, all the baseline
methods exhibit a significant performance drop. This is mainly due to
the dramatic reduction in the overlap ratio between point clouds as the
frame interval grows. In such cases, existing methods are severely af-
fected by interference from a large range of non-overlapping regions,

10

Comparison of computation complexity and 5° rotation accuracy on Scan-
Net, prior time represents the time of predicting overlap prior.

GPU  Acc. Prior Infer. Total
Models Comp. (GB) (%) (s) (s) (s)
GeoTransformer (Qin O(N?) 9.46 95.4 0.172 0.172
et al., 2022)
EfficientPEAL-2D O(kl Nz) 4.54 97.8 0.05 0.125 0.175

making it difficult to establish robust, consistent feature descriptions
across frames. Consequently, a large number of mismatches occur in
the extracted correspondences, leading to degraded registration accu-
racy. EfficientPEAL-2D first employs a highly efficient and robust image
matching algorithm to predict correspondences between RGB images.
These predicted matches are then projected onto point clouds through
a projection module, yielding estimated overlapping points. Based on
these predicted overlapping points, EfficientPEAL-2D constructs local
geometric self-attention at the superpoint level. By explicitly restrict-
ing the attention scope to interactions between input points and the
anchor superpoints within predicted overlapping regions, our approach
effectively suppresses the interference from non-overlapping areas. Fur-
thermore, benefiting from localized attention modeling and reliable 2D
overlap priors, EfficientPEAL-2D significantly enhances both the geo-
metric consistency and discriminability of the learned features. At the
same time, it substantially reduces computational overhead, providing
a strong foundation for building an efficient and scalable point cloud
registration framework. As a result, the improvement is more promi-
nent with lower overlap. Our method outperforms GeoTransformer (Qin
et al., 2022) by 7.6% and 8.4% in terms of 5° rotation accuracy and 5cm
accuracy, respectively.

To assess the computational complexity of our proposed method, we
compare the inference time and present the results in Table 6. We cal-
culate the average ratio between the size of anchor superpoints and the
size of input superpoints on the ScanNet dataset, with k; = 0.19. As in-
dicated in the table, our proposed method, EfficientPEAL-2D , exhibits a
2.4% improvement in registration rotation accuracy compared to Geo-
Transformer (Qin et al., 2022). Additionally, it effectively reduces the
complexity of self-attention by more than 80%. The memory occupancy
of our method is only approximately 48% of that required by GeoTrans-
former.

In conclusion, the main advantages of EfficientPEAL-2D can be
summarized in two aspects: First, it doesn’t rely on accurate 2D pixel-
to-pixel (point-to-point) correspondences, but rather utilizes a coarse
patch-wise overlap prior. Second, PEAL-2D significantly reduces the
computational complexity of the Transformer and reduces the memory
footprint.
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Fig. 9. Registration results of the GeoTransformer and EfficientPEAL-3D on 3DLoMatch. The overlapping region estimated by GeoTransformer is used as our 3D
overlap prior (anchor region). Here, in the 2" column, "Overlap" represents the overlap ratio of input point clouds, and in 3" and 4"* columns, "Overlap*" represents
the overlap ratio of anchor region. Our approach infers much more inlier superpoint matches benefitting from the improved overlap ratio in the anchor region,
significantly enhancing the registration performance. We use T-SNE to visualize superpoint (patch) features.

4.3. Ablation studies

In this section, we ablate the different setups for the proposed mod-
ules in our method. In practice, we observe that the local-to-global
registration (LGR) (Qin et al., 2022) estimator demonstrates greater
stability and faster performance compared to the RANSAC estimator,
while achieving comparable results. Therefore, we conduct our ablation
experiments based on the LGR estimator.

How does 3D prior work? We first analyze the overlap ratio of Geo-
Transformer estimated overlapping region (3D prior or anchor region)
to observe these partial-aligned scenarios. We compute the overlap ra-
tio of 3D prior in cases where GeoTransformer fails to register the two
point clouds. The distribution of overlap ratios is shown in Table 7, we
discover that over 36% of the 3D prior exhibit an overlap ratio of 0.5+,
while the original input overlap ratio is all < 0.3 (Huang et al., 2021).
This enhancement in the overlap ratio provides the potential to improve
subsequent registration, which is the primary reason why EfficientPEAL-
3D (EfficientPEAL-3D ) outperforms GeoTransformer by a significant

Table 7
The overlap ratio of 3D prior when GeoTrans-
former fails on 3DLoMatch.

Overlap ratio*

Prior 0-0.1 0.1-0.3 0.3-0.5 0.5-1

3D prior  40.7% 12.9% 10.2% 36.1%

margin. We show some partial-aligned scenes in the 3" (c) column in
Fig. 9, here, "Overlap*" represents the overlap ratio of anchor region.

Comparision with 2D-based method. Then we compare our
method with another point cloud registration method, PCR-CG (Zhang
et al., 2022), which also utilizes 2D prior. PCR-CG projects the deep
features learned from color images into the geometry representation,
showing consistent improvements when combined with different 3D
point cloud registration methods. However, projecting deep fea-
tures from images can be expensive and lead to information losses
due to indirectness. In Table 8, it can be observed that regard-
less of whether combined with Predator or GeoTransformer, our
method outperforms PCR-CG comprehensively in terms of registra-
tion recall, memory occupancy, and inference time, demonstrating its
superiority.

Table 8
Comparison with PCR-CG on 3DLoMatch.
GPU

Models Comp. (GB) RR(%) Infer.(s)
Predator (Huang et al., O(N?*) + O(M) 123  66.3 0.563
2021)+PCR-CG
Predator (Huang et al., O(k,N?) 7.26 723 0.422
2021) + EfficientPEAL-2D
GeoTransformer (Qin et al., O(N?) + O(M)  9.58 76.5 0.357
2022)+PCR-CG
GeoTransformer (Qin et al., O(k,N?) 3.31 779 0.152

2022) + EfficientPEAL-2D
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Table 9
Ablation experiments of EfficientPEAL(hybrid prior) about
the points threshold on 3DLoMatch.

Points Registration
Models threshold Recall(%)
GeoTransformer (Qin et al., 2022) 74.0
EfficientPEAL-2D 0 80.3
EfficientPEAL(hybrid prior) 100 82.7
EfficientPEAL(hybrid prior) 200 83.2
EfficientPEAL(hybrid prior) 300 83.1

Hybrid prior. Although the 2D prior brings significant performance
improvements, it may not always be reliable in scenarios with large
viewpoint or illumination variations. To address this challenge, we in-
troduce a hybrid 2D-3D prior. The intuitive idea is to use the 2D prior
when it is deemed reliable; otherwise, we fall back on the 3D prior. The
reliability of the 2D prior can be naively estimated based on the number
of 2D matching pairs produced by SuperGlue, a higher number indicates
more accurate 2D matching. Since these 2D correspondences are ulti-
mately projected onto the 3D point cloud to form predicted overlapping
points, we introduce a threshold parameter, denoted as 6 (e.g., the num-
ber of corresponding overlapping points > §), to determine whether to
use the 2D prior. If the number of points falls below the threshold, we
replace the 2D prior with the 3D prior. In our experiments, we evalu-
ate the impact of this threshold on registration performance, as shown
in Table 9. Notably, with the hybrid prior, our method achieves an im-
pressive registration recall of 83.2%, outperforming GeoTransformer by
a significant margin of 9.2%.

Quantitative results. We visualize the side by side comparison for
EfficientPEAL and GeoTransformer (Qin et al., 2022) in Fig. 9. Our ex-
plicit attention-learning fashion significantly improves feature represen-
tation and helps to infer superpoint (patch) matches in extreme low-
overlap scenarios.

KITTI dataset. Despite designing for low-overlap registration, our
method also demonstrates effectiveness for high-overlap point clouds.
We conduct experiments on the KITTI dataset (Geiger et al., 2012)
and report the results in Table 10. As shown in the table, we discover
that the performance is getting saturated. Considering GeoTransformer
(Qin et al., 2022) as the current state-of-the-art method in both regis-
tration performance and inference speed, our primary focus with Effi-
cientPEAL is achieving faster registration and using less memory foot-
print. By randomly selecting a certain ratio of input superpoints as a
prior, our method EfficientPEAL(random prior) substantially reduces
the complexity of self-attention while maintaining comparable perfor-
mance to GeoTransformer. Moreover, we further investigate the impact
of different proportions of randomly sampled priors on both efficiency
and registration performance, as shown in Table 11. The results demon-
strate that combining random anchor priors with the local geometric
attention mechanism significantly improves efficiency. Notably, increas-
ing the anchor ratio from 0.1 to 0.5 does not yield a substantial im-
provement in registration accuracy, while the inference time increases
noticeably. This indicates that an appropriate anchor ratio can effec-
tively balance accuracy and efficiency. In contrast, further increasing
the number of anchors introduces unnecessary computational overhead
without significant accuracy gains.

Table 10

Registration results on KITTI odometry.
Models Estimators RTE (cm) RRE(°) RR(%)
SpinNet (Ao et al., 2021) RANSAC-50K 9.9 0.47 99.1
Predator (Huang et al., 2021) RANSAC-50K 6.8 0.27 99.8
CoFiNet (Yu et al., 2021) RANSAC-50K 8.2 0.41 99.8
GeoTransformer (Qin et al., LGR 6.8 0.24 99.8
2022)
EfficientPEAL(random prior) LGR 6.8 0.24 99.8
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Table 11
Comparison of computation complexity on KITTI odometry. Efficient-
PEAL(random prior) shows a clear improvement in inference time.

GPU Infer. RTE RRE RR

Models Ratio (GB) (s) (cm) ©) (%)
GeoTransformer (Qin - 10.42 0.139 6.8 0.24 99.8
et al., 2022)

EfficientPEAL(random 0.1 6.35 0.129 6.8 0.24 99.8
prior)

EfficientPEAL(random 0.3 6.45 0.131 6.8 0.24 99.8
prior)

EfficientPEAL(random 0.5 6.94 0.133 6.8 0.24 99.8
prior)

Further discussion about EfficientPEAL . EfficientPEAL mitigates
the computational cost of processing high-resolution point clouds to
some extent by modeling local geometric self-attention. However, since
the full EfficientPEAL architecture combines a KPConv-based convolu-
tional network with attention mechanisms, both components may be-
come computational bottlenecks when applied to large-scale or higher-
resolution point clouds. To address the potential bottleneck posed by the
KPConv network, we plan to explore the following enhancement: con-
structing a local reference frame for each query point within the KPConv
framework to avoid global feature extraction and reduce computational
cost. For the local geometric attention module, we will investigate more
efficient alternatives, such as linear attention or fast attention mecha-
nisms. We believe these strategies will significantly enhance the scala-
bility of EfficientPEAL for large-scale, high-resolution point cloud tasks,
and we will further explore and optimize them in future work.

5. Conclusion

We present EfficientPEAL, an efficient learning model for enhancing
the pose registration of point clouds. It starts with the existing 2D/3D
matching methods to obtain overlap prior. Then it leverages a local geo-
metric self-attention module, which explicitly captures local geometric
feature correlations between the input and putative overlapping region.
Our approach significantly reduces the GPU memory usage and infer-
ence time of PEAL, while achieving comparable performance. Consistent
and significant improvements across multiple test datasets effectively
validate the efficacy of the proposed method. EfficientPEAL demon-
strates robust and efficient point cloud registration under challenging
conditions, such as low overlap and weak geometric regions. In compari-
son to PEAL, EfficientPEAL exhibits greater suitability for deployment in
robotics and augmented reality applications. Its well-balanced trade-off
between computational efficiency and accuracy positions it as a com-
pelling solution for SLAM, object localization, and scene reconstruction
tasks, particularly in dynamic or resource-constrained environments.
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