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Abstract— Point cloud registration is essential in computer
vision and robotics. Recently, transformer-based methods have
achieved advanced point cloud registration performance. How-
ever, the standard attention mechanism utilized in these meth-
ods considers many low-relevance points, and it has difficulty
focusing its attention weights on sparse and meaningful points,
leading to limited local structure modeling capabilities and
quadratic computational complexity. To address these limita-
tions, we present the Tree-based Transformer (TrT), which
is able to extract abundant local and global features with
linear computational complexity. Specifically, the TrT builds
coarse-to-dense feature trees, and a novel Tree-based Attention
(TrA) is proposed to guide the progressive convergence of the
attended regions toward meaningful points and to structurize
point clouds following tree structures. In each layer, the top
S key points with the highest attention scores are selected,
such that in the next layer, attention is evaluated only within
the specified high-relevance regions, corresponding to the child
points of these selected S points. Additionally, coarse features
containing high-level semantic information are incorporated
into the child points to guide the feature extraction process,
facilitating local structure modeling and multiscale information
integration. Consequently, TrA enables the model to focus on
critical local structures and extract rich local information with
linear computational complexity. Experiments demonstrate that
our method achieves state-of-the-art performance on 3DMatch
and KITTI benchmarks. The code for our method is publicly
available at https://github.com/CGuangyan-BIT/TrT.

I. INTRODUCTION

The aim of point cloud registration is to recover an
optimal transformation for point cloud pair alignment, which
is a fundamental problem in computer vision and robotics.
Recent advances in 3D point representation learning are
pushing point cloud registration beyond the traditional meth-
ods [5], [32], [43] to learning-based methods [3], [11], [35].
The most widely known traditional method is the iterative
closest point (ICP) [5], which iterates between establishing
correspondences and calculating a transformation. However,
ICP and its variants [31], [32] are prone to becoming stuck
in local minima when the initial errors are large. To achieve
increased registration accuracy, learning-based methods [3],
[11] integrate neural networks to extract pointwise features
separately and establish correspondences based on feature
similarity. However, the independence across point clouds
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produces obstacles when identifying common structures and
extracting distinct features.

Recent learning-based methods [7], [8], [14], [35] have
attempted to address these issues through the incorporation
of transformer models, leveraging their inherent strengths in
handling order-invariance and dependency modeling. These
approaches enable one point cloud to perceive another point
cloud and extract the contextual information between them,
enhancing the discriminative power of the extracted fea-
tures. However, the standard attention mechanism considers
many low-relevance points, thereby encountering difficulties
in concentrating its attention weights toward meaningful
regions. Consequently, this results in limited capabilities for
local feature extraction and imposes quadratic computational
complexity.

Many recent studies [10], [20], [42] have explored local
attention mechanisms for point cloud processing tasks, which
prunes low-relevance points by constraining the attention
fields to fixed, predefined patterns, such as local neighbor-
hoods [42]. However, this hinders their ability to focus on
high-relevance regions dynamically. Additionally, most of
these methods are based on assumptions regarding location
and correlations between points, e.g., spatially close points
are correlated. Such assumptions are typically inaccurate in
cross-point-cloud scenarios, making it difficult to employ
predefined patterns for cross-attention. Therefore, there is
still a crucial need for point cloud registration to design a
transformer model that can encode important local structures
and reduce computational complexity.

To achieve this goal, we propose the Tree-based Trans-
former (TrT), which is able to focus on critical local struc-
tures and achieve linear computational complexity without
predefined attention sparsity. The TrT is built on the ba-
sis of the proposed Tree-based Attention (TrA) module,
which drives the hierarchical convergence of the attended
regions and incorporates the spatially coarse features into
the child points to guide the feature extraction process. In
the 1st layer, the attention computation for the query point
encompasses all key points, from which the top S (here,
S = 2) points with the highest attention scores, highlighted
in orange, are selected. In the 2nd layer, for the child
points corresponding to the query point in the previous layer
(1st), attention is calculated exclusively among the child
points of the corresponding S keys selected in the previous
layer, thereby skipping low-relevance points and reducing the
computational complexity. Furthermore, the features derived
from the previous layer are utilized to guide the feature
extraction procedure for the child points. These processes are
replicated in the 3rd layer, using the top S points selected
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in the 2nd layer. In this manner, TrA enables our method to
adaptively specify high-relevance locations as attended areas
and focus on critical local structures. The main contributions
are three-fold:

• The TrT is proposed by integrating tree structures into
the transformer model, allowing the model to extract
rich local features and achieve linear computational
complexity with the learned attended regions.

• The TrA is proposed to hierarchically and dynamically
identify high-relevance key points and structurize point
clouds along the tree, facilitating local structure model-
ing and multiscale information aggregation.

• Extensive experiments show that our method outper-
forms the baselines and achieves SOTA performance
on the 3DMatch and KITTI benchmarks.

II. RELATED WORK

A. Transformer-based Methods for Registration

Inspired by the success of transformers in natural language
processing (NLP) [6], [19] and computer vision tasks [24],
[38], [39], researchers have adapted them to point cloud
registration. The deep closest point (DCP) [35] utilizes a
dynamic graph CNN (DGCNN) [28] to separately extract
features and introduces a transformer [34] to model relations
across a pair of point clouds. The robust graph matching
(RGM) method [14] adopts a transformer to improve the
quality of the correspondences by aggregating information
along graph edges. Predator [17] leverages self- and cross-
attention mechanisms to perform information aggregation
across a pair of point clouds and predict overlapping re-
gions for feature sampling, which significantly improves
the proportion of successful registrations in low-overlap
scenarios. CoFiNet [37] alternately uses self-attention and
cross-attention to extract features in a coarse-to-fine manner
and achieves promising performance. The registration trans-
former (RegTR) [36] utilizes attention layers to directly gen-
erate correspondences. Geometric transformer [29] calculates
pair-wise distances and triplet-wise angles, which are then
combined with self-attention to capture geometric features,
obtaining robust superpoint matching. DIT [8] introduces
a full Transformer network that leverages the transformer
architecture to extract local features and facilitate deep
information interaction. RegFormer [23] presents an end-to-
end transformer network designed for large-scale point cloud
alignment. It achieves competitive performance in accuracy
and efficiency, all without the need for additional post-
processing steps. In general, most current transformer-based
methods utilize attention mechanisms for contextual infor-
mation learning. However, the standard attention mechanism
struggles to focus its attention weights on meaningful points,
leading to limited local structure modeling ability.

B. Local Attention for Point Clouds

To assist transformers in focusing on meaningful points
and enhance their local feature extraction capabilities, local

attention mechanisms [10], [13], [20] introduce a local induc-
tive bias by restricting the attention fields to local regions in-
stead of the entire point cloud. The sparse voxel transformer
[13] encodes short-range local relations based on voxels and
learns long-range contextual relations based on clusters. The
point transformer [42] applies an attention mechanism in
the local neighborhood of the given points. PatchFormer
[10] splits a raw point cloud into M patches, aggregates
the local features in each patch, and then approximates the
global attention map. The stratified transformer [20] captures
the short-range dependencies within a voxel and models
long-range relations with respect to the downsampled point
cloud outside the voxel. In summary, most existing local
attention mechanisms for point clouds limit the attention
field by considering a fixed pattern. This makes it difficult to
accurately attend to high-relevance points and achieve cross-
attention, which is important for registration.

III. TREE-BASED TRANSFORMER

A. Preliminaries

Transformers have shown great potential in processing
point clouds, benefiting from their ability to handle order-
invariance and model dependencies through attention mech-
anisms. The multihead attention operation (MA) executes
H attention functions Att in parallel. Given a pair of point
cloud embeddings F X̃ and F Ỹ as inputs to MA, each Att
generates queries Q, keys K, and values V , using projection
matrices WQ, WK , and W V , respectively:

Q = F X̃WQ, K = F Ỹ WK , V = F Ỹ W V . (1)

Then, each Att obtains an attention map via a scaled dot-
product operation and multiplies this map by V for informa-
tion aggregation. Subsequently, the results are concatenated
and projected with WO to obtain the final values:

A = softmax(
QKT

√
dK

)V ,

MA(F X̃ ,F Ỹ ) = Concat(A1, . . . ,AH)WO,

(2)

where dK is the dimensionality of the keys K. The attention
mechanism establishes associations across F X̃ and F Ỹ ,
enabling F X̃ to receive information from F Ỹ . Despite
its versatile and powerful relation modeling capabilities,
the standard attention suffers from a limited local feature
extraction ability and quadratic computational complexity.

B. Overall Architecture

The objective of point cloud registration is to estimate a
rotation matrix R̂ ∈ SO(3) and a translation vector t̂ ∈ R3

to align a source point cloud X = {x1, x2, ..., xM} ⊆ R3

with a target point cloud Y = {y1, y2, ..., yN} ⊆ R3.
The overall TrT pipeline is illustrated in Fig. 1. The TrT

begins with a kernel point convolution (KPConv) [33] (Sec.
III-C) that downsamples point clouds X, Y into smaller sets
of points X̃, Ỹ and extracts pointwise features F X̃ , F Ỹ .
Subsequently, a tree transformer encoder learns contextual
information and extracts features F X̃ , F Ỹ with rich local
information (Sec. III-D). These features are then utilized to
generate the corresponding point clouds Ŷ , X̂ and predict
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Fig. 1. Network architecture of the TrT. First, the KPConv extracts features for a sparse set of points. Subsequently, the tree transformer encoder builds
feature trees and iteratively extracts features containing local and global information. Then, the decoder predicts the corresponding point clouds and overlap
scores. Finally, a transformation is computed to align the point clouds.

overlap scores ôX̃ , ôỸ in the decoder (Sec. III-E). Finally,
a weighted Procrustes module estimates the optimal trans-
formation {R̂, t̂} based on the predicted correspondences
{X̃, Ŷ }, {Ỹ , X̂} and the overlap scores ôX̃ , ôỸ .

C. Downsampling and Feature Extraction

Following [17], a KPConv backbone, which consists of
ResNet-like blocks and strided convolutions, is utilized
for downsampling and feature extraction. Specifically, the
KPConv backbone downsamples the point clouds X ∈
RM×3, Y ∈ RN×3 to X̃ ∈ RM

′
×3, Ỹ ∈ RN

′
×3 and

performs feature extraction. The extracted features are then
projected to obtain features F X̃ ∈ RM

′
×D, F Ỹ ∈ RN

′
×D.

D. Tree Transformer Encoder

The downsampled point clouds X̃, Ỹ and the extracted
features F X̃ , F Ỹ are processed by the tree transformer
encoder. The encoder is composed of a tree construction
layer, as well as Le encoder layers for feature extraction.
Each encoder layer consists of two feature pooling sub-layers
and two TrA sub-layers.

Tree construction. To encourage the attention weights to
converge toward meaningful points and progressively struc-
turize point clouds, tree structures are employed to represent
point clouds. Specifically, Lτ -layer trees τ X̃ and τ Ỹ are built
upon point clouds X̃ and Ỹ , respectively, by first dividing
the point clouds into voxels and then hierarchically grouping
N adjacent voxels into one voxel. The constructed tree τ X̃

is defined by (1) the respective sets P X̃
l , each containing

N X̃
l points across different layers l = 1, 2, ..., Lτ ; (2) the

coarse-to-dense indices ρX̃
c→d, which denote the indices of

the child points corresponding to each coarse point; and (3)
the dense-to-coarse indices ρX̃

d→c, indicating the parent point
index for each dense point. Here, c = 1, 2, ..., Lτ −1 and

d=c+1. The coordinates CX̃
c ∈RNX̃

c ×3 of the coarse points
are obtained by averaging the coordinates CX̃

d of the child
points. Specifically, the coordinates CX̃i

c of the ith coarse
point P X̃i

c are obtained:

CX̃i
c =

1

|ρX̃i
c→d|

∑
j∈ρX̃i

c→d

CX̃j
d , (3)

where CX̃
Lτ

=X̃ and |ρX̃i
c→d| is the cardinality of ρX̃i

c→d.
Feature pooling. To aggregate information and build

feature trees F X̃
l ∈ RNX̃

l ×D and F Ỹ
l ∈ RN Ỹ

l ×D (l =
1, 2, ..., Lτ ), the input features are initially utilized in the
densest layer, and then the features are hierarchically aggre-
gated to the corresponding parent points in a dense-to-coarse
manner. We hypothesize that the contributions of child points
to their parent points are related to their relative positions.
To adaptively recalibrate the pointwise features based on
their contributions, the dense features are concatenated along
with their relative positions and then projected using a two-
layer MLP, which comprises two fully connected layers and
rectified linear unit (ReLU) activation. The features F X̃i

c for
the ith coarse point P X̃i

c are given by

F X̃i
c =

1

|ρX̃i
c→d|

∑
j∈ρX̃i

c→d

MLP(Concat(F X̃j
d ,CX̃j

d −CX̃i
c )). (4)

By aggregating information, the feature trees F X̃
l and

F Ỹ
l (l = 1, 2, ..., Lτ ) are built, where the level of semantic

information increases from dense to coarse.
Positional encoding. To succinctly and efficiently inte-

grate positional information into each layer of feature trees,
we capitalize on the fact that both the coordinates and
features of the coarse points are aggregated from the dense
points through similar processes. Consequently, sinusoidal
positional encoding [34] is directly integrated into the densest
features before feature pooling.
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Tree-based Attention. To capture important local struc-
tures and reduce computational complexity, TrA is in-
troduced to progressively specify the attended regions
and structurize the point clouds. Consider a general case
in which feature trees F X̃

l and F Ỹ
l of two different

point clouds are given, l = 1, 2, ..., Lτ . TrA starts
from the coarsest layer and performs global attention
MA(F X̃

1 ,F Ỹ
1 ), MA(F Ỹ

1 ,F X̃
1 ), which obtains the averaged

attention maps MX̃
1 ∈ RNX̃

1 ×N Ỹ
1 , MỸ

1 ∈ RN Ỹ
1 ×NX̃

1 , along
with extracted features ΦX̃

1 ∈ RNX̃
1 ×D, ΦỸ

1 ∈ RN Ỹ
1 ×D.

In the next layer, TrA incorporates the extracted features
ΦX̃

1 , ΦỸ
1 to guide the feature extraction process, and spec-

ifies the attended regions based on the attention maps
MX̃

1 , MỸ
1 , then computes the attention within the specified

regions. This process is iteratively repeated until the densest
layer is reached, utilizing shared parameters. Ultimately, it
yields features ΦX̃

Lτ
and ΦỸ

Lτ
with mutual information.

To better illustrate TrA, we consider any two consecutive
layers, denoted as the coarse layer c and the dense layer
d (d = c + 1), and elaborate on the process within the
dense layer. Given the averaged attention maps MX̃

c ∈
RNX̃

c ×KỸ
c ,MỸ

c ∈RN Ỹ
c ×KX̃

c and the extracted features ΦX̃
c ∈

RNX̃
c ×D, ΦỸ

c ∈ RN Ỹ
c ×D from the coarse layer, K denotes

the number of keys that each query attends to. The extracted
features ΦX̃

c containing high-level semantics from the coarse
layer are incorporated into the dense features F X̃

d . This
facilitates local feature extraction and multiscale information
aggregation. The incorporated features ΨX̃i

d for the ith dense
point are obtained as

ΨX̃i
d = F X̃i

d +ΦX̃j
c , j = ρX̃i

d→c. (5)

The features ΨỸ
d are obtained via a similar procedure.

Subsequently, the attention map MX̃
c is utilized to specify the

attended regions. For the ith query in the coarse layer, the
S key points with the highest attention scores are selected,
and their indices are denoted by J X̃i. Then, the child points
of the S selected coarse keys constitute the attended regions
of the query child points in the dense layer, forming the key
points KỸ

d ∈ RNX̃
d ×KỸ

d ×D within the attended regions:

I = {(ρX̃i
c→d,ρ

Ỹ j
c→d)|i ∈ [1, ..., N X̃

c ], j ∈ J X̃i},

KỸ
d = [K1

d , ...,K
|I|
d ],Ki

d = Ψ
Ỹj

d , (i, j) ∈ I,
(6)

where the first elements of I represent the child point indices
of the coarse queries, and the second elements indicate child
point indices of the S selected coarse keys. Ki

d represents the
key points within the attended regions of the ith dense query
point ΨX̃i

d . Such that the child points of the coarse queries
only attend to the child points of the selected S coarse keys.
Then, TrA performs attention to assemble the information of
the key points located within the attended regions:

ΦX̃
d ,MX̃

d = MA(ΨX̃
d ,KỸ

d ), (7)

where MA is the attention operation described in Eq. 2
and ΦX̃

d denotes the extracted features. The attention map
MX̃

d ∈RNX̃
d ×KỸ

d is generated by averaging the attention maps

across all heads. By utilizing the formulated key points KỸ
d ,

TrA establishes associations only within the specified areas,
allowing it to focus on critical structures.

Similarly, the procedure for obtaining the features ΦỸ
d ∈

RN Ỹ
d ×D and the averaged attention map MỸ

d ∈ RN Ỹ
d ×KX̃

d

is performed in parallel. Finally, the output values ΦX̃
l and

ΦỸ
l from all layers are obtained. The features ΦX̃

Lτ
and ΦỸ

Lτ

from the densest layer serve as the final outputs of TrA.
By utilizing the defined cross-attention formulation based

on TrA, self-attention can be explicitly defined. Taking X̃
as an example, TrA starts with the global attention operation
MA(F X̃

1 ,F X̃
1 ) in the first layer. In the subsequent layers,

TrA incorporates the spatially coarse features ΦX̃
c to obtain

ΨX̃
d and specifies the attended regions according to the at-

tention maps MX̃
c in the previous layer. Then, TrA generates

the formulated key points KX̃
d and performs the attention

MA(ΨX̃
d ,KX̃

d ) to obtain ΦX̃
d and MX̃

d .
In general, TrA incorporates coarse features to facilitate

local structure modeling and information aggregation. Fur-
thermore, the dynamic attention sparsity of TrA enables
each query to be evaluated using only highly relevant key
points, reducing the computational complexity. For instance,
in the case of self-attention, the computational complexity
of TrA is derived as the number of floating point operations
(FLOPs) required for the coarsest layer (N1

2D) and the other
layers (

∑Lτ

l=2 NlKlD ⩽
∑Lτ

l=2 NlKmaxD, where Kmax is
a constant). The feature tree is constructed such that N1

2

is less than a predefined constant that is independent of
the number of points in the point cloud. Therefore, the
complexity is linear with respect to the number of points.
A direct exhibition is presented in Sec. IV-E.

The tree transformer encoder updates the features with
contextual information in a series of self- and cross-attention,
extracting the conditioned features F X̃ and F Ỹ .

E. Decoder

Inspired by [36], the conditioned features F X̃ and F Ỹ are
employed to generate corresponding point clouds by means
of a two-layer MLP. Specifically, the corresponding point
clouds Ŷ ∈ RM

′
×3 and X̂ ∈ RN

′
×3 of point clouds X̃ and

Ỹ , respectively, are predicted as
Ŷ = ReLU(F X̃W1 + b1)W2 + b2,

X̂ = ReLU(F Ỹ W1 + b1)W2 + b2,
(8)

where W1,W2, b1, b2 are the learnable parameters in the
MLP. Furthermore, to predict the probabilities that points
lie in the overlap regions, the overlap scores ôX̃ ∈ RM

′
×1

and ôỸ ∈ RN
′
×1 are generated by a single fully connected

layer (FC) and the sigmoid activation, as follows:

ôX̃ = Sigmoid(FC(F X̃)), ôỸ = Sigmoid(FC(F Ỹ )). (9)

F. Loss Functions

Our method is trained with three loss functions: an overlap
loss Lo, a correspondence loss Lc, and a feature loss Lf . By
introducing coefficients λc and λf , the final loss function is
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constructed and formulated as
L = Lo + λcLc + λfLf . (10)

Overlap loss. Lo measures the consistency between the
ground-truth overlap labels oX̃ , oỸ and the predicted overlap
scores ôX̃ , ôỸ . Lo=LX

o +LY
o , and LX

o is defined as

LX
o =

−1

M ′

M
′∑

i=1

[oX̃i×logôX̃i+(1−oX̃i))×log(1−ôX̃i)]. (11)

The overlap labels oX̃ , oỸ are obtained by downsampling
the overlap labels oX , oY of point clouds X, Y , where
oX , oY are computed by setting a threshold ro for the closest
point distances between the aligned point clouds.

Correspondence loss. Lc measures the correctness of
the predicted corresponding point clouds in the overlapping
regions based on the ℓ1 loss. Lc = LX

c + LY
c , with the

correspondence loss LX
c defined as

LX
c =

1∑M
′

i=1 o
X̃i

M
′∑

i=1

oX̃i

∣∣∣T Y
X

(
X̃i

)
− Ŷi

∣∣∣ , (12)

where T Y
X is the ground-truth transformation from X to Y .

Feature loss. Lf measures the discriminative power of
the extracted features based on the InfoNCE loss [27]. Lf =
LX
f + LY

f , with LX
f defined as

LX
f = −Ex∈X

[
log

f (x, px)

f (x, px) +
∑

nx
f (x, nx)

]
,

f(x, c) = exp(FxTWfFc),

(13)

where X denotes the set of points X ⊆ X̃ with a correspon-
dence in Ỹ ; Fx indicates the extracted features for point
x. px and nx denote the positive and negative points in Ỹ ,
which are selected based on the positive and negative margins
(rp, rn); and Wf is a learnable linear transformation.

IV. EXPERIMENTAL RESULTS

A. Implementation Details

For the loss functions, λc is set to 1, λf is set to 0.1,
and (rp, rn) are set to (m, 2m), where m is the voxel
distance used in the final downsampling layer of the KPConv
backbone. The TrT is trained using AdamW [25] with an
initial learning rate of 1e−4 and a weight decay of 1e−4;
furthermore, a multistep learning rate schedule is utilized.

B. Registration Performance on 3DMatch

3DMatch. The 3DMatch dataset is a real-world registra-
tion dataset, in which 46 scenes are designed for training, and
the remaining 16 scenes are evenly allocated for validation
and testing. The comparison methods are evaluated on both
the 3DMatch (> 30% overlap) [40] and 3DLoMatch (10−
30% overlap) [17] benchmarks.

Evaluation metrics. The methods are evaluated through
various performance metrics, as per [36]. These include the
relative rotation error RRE , relative translation error RTE
, and registration recall RR (the percentage of success-
ful alignments, where a correspondence with a root-mean-
square-error below 0.2 m is considered successful).

TABLE I
PERFORMANCE ON THE 3DMATCH AND 3DLOMATCH BENCHMARKS.

THE RRE IS GIVEN IN ◦ , THE RTE IN m, AND THE RR IN %. THE

THREE BEST RESULTS ARE HIGHLIGHTED IN RED, GREEN, AND BLUE.

Method Reference 3DMatch 3DLoMatch
RRE RTE RR RRE RTE RR

3DSN [16] CVPR 2019 2.19 0.071 78.4 3.52 0.103 33.0
FCGF [12] CVPR 2019 2.14 0.070 85.1 3.74 0.100 40.1
CG-SAC [30] T-GE 2020 2.42 0.076 87.5 3.86 0.109 64.0
D3Feat [4] CVPR 2020 2.16 0.067 81.6 3.36 0.103 37.2
DGR [11] CVPR 2020 2.10 0.067 85.3 3.95 0.113 48.7
DHVR [21] ICCV 2021 2.25 0.078 91.9 4.97 0.123 65.4
Predator [17] CVPR 2021 2.02 0.064 89.0 3.04 0.093 62.5
CoFiNet [37] Neurips 2021 2.44 0.067 89.3 5.44 0.155 67.5
RegTR [36] CVPR 2022 1.57 0.049 92.0 2.83 0.077 64.8
Lepard [22] CVPR 2022 2.48 0.072 93.5 4.10 0.108 69.0
SC2PCR [9] CVPR 2022 2.08 0.065 93.3 3.46 0.096 69.5
GeoTR [29] CVPR 2022 1.72 0.062 92.0 2.93 0.089 75.0
VBReg [18] CVPR 2023 2.04 0.065 93.5 3.48 0.096 69.9
BUFFER [1] CVPR 2023 1.85 0.059 93.2 3.09 0.101 71.8
Ours - 1.49 0.043 95.4 2.26 0.067 76.3

The TrT is compared with the latest approaches: RegTR
[36], Lepard [22], SC2PCR [9], GeoTransformer (GeoTR)
[29], VBReg [18], and BUFFER [1]. Furthermore, other
comparison methods include 3DSN [16], FCGF [12], CG-
SAC [30], D3Feat [4], DGR [11], DHVR [21], Predator
[17], and CoFiNet [37]. The quantitative comparisons are
summarized in Table I. The results show that our method
precisely aligns a pair of real-world point clouds even at
low overlap rates and outperforms the other methods on
both 3DMatch and 3DLoMatch. These results verify that the
learned attended regions and the guidance of the coarse fea-
tures facilitate local feature extraction, enabling our method
to precisely align point clouds.

C. Registration Performance on KITTI

KITTI. To demonstrate the performance of our method on
a large-scale point cloud dataset, the TrT and the baseline
methods are evaluated on the KITTI [15] dataset. The KITTI
dataset contains 11 sequences of LiDAR-scanned outdoor
driving scenarios, of which scenarios 0–5 are used for
training, 6–7 are used for validation, and 8–10 are used for
testing. Following [17], only point cloud pairs that are at
most 10m away from each other are utilized for evaluation.

Evaluation metrics. Following [36], the performance of
each method is evaluated using the RRE, RTE, and RR (the
percentage of successful alignments, whose RRE and RTE
values are below 5◦ and 2m, respectively).

The TrT is compared with the latest approaches SC2PCR
[9], GeoTransformer (GeoTR) [29], and MAC [41]; the base-
line methods also include DGR [11], D3Feat [4], HRegNet
[26], SpinNet [2], Predator [17], and CoFiNet [37]. The
quantitative comparisons are summarized in Table III. The
results indicate that our method achieves the highest accuracy
on the KITTI benchmark. The GeoTR approach exhibits the
second-best performance, following our method; however,
its inference time is more than ten times that of ours, as
evidenced in Table II.
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TABLE II
COMPUTATIONAL TIME IN SECONDS ON THE 3DMATCH BENCHMARK.

3DSN FCGF CG-SAC D3Feat DGR DHVR Predator CoFiNet RegTR Lepard SC2PCR GeoTR VBReg BUFFER Ours

30.234 1.562 0.263 0.916 1.741 3.43 1.572 1.134 0.103 0.522 0.380 1.523 0.223 0.196 0.123

TABLE III
PERFORMANCE ON THE KITTI BENCHMARK.THE THREE BEST RESULTS

ARE HIGHLIGHTED IN RED, GREEN, AND BLUE.

Method Reference RRE(◦) RTE(m) RR(%)

DGR [11] CVPR 2020 0.37 0.320 98.7
D3Feat [4] CVPR 2020 0.30 0.072 99.8
HRegNet [26] ICCV 2021 0.29 0.120 99.7
SpinNet [2] CVPR 2021 0.47 0.099 99.1
Predator [17] CVPR 2021 0.28 0.068 99.8
CoFiNet [37] Neurips 2021 0.41 0.082 99.8
SC2PCR [9] CVPR 2022 0.32 0.072 99.6
GeoTR [29] CVPR 2022 0.24 0.068 99.8
MAC [41] CVPR 2023 0.40 0.084 99.5
RegFormer [23] ICCV 2023 0.24 0.084 99.8
Ours - 0.23 0.063 99.8

D. Ablation Studies

To analyze the effectiveness of the proposed TrT, ablation
studies are carried out on the 3DMatch and 3DLoMatch
benchmarks. The results are shown in Table IV.

Comparison with the standard transformer. TrTST is
obtained by replacing the TrA module with the standard
attention mechanism [34], resulting in lower RR values on
both the 3DMatch and 3DLoMatch benchmarks. These re-
sults indicate that TrA enhances the local structure modeling
capability, enabling the extraction of rich local information
and yielding improved registration accuracy.

Learned attention sparsity. TrTfixed and TrTfixed shift

utilize a fixed pattern for attention mechanism. Concretely,
TrTfixed specifies the attended regions as the child points
of the S nearest coarse points. TrTfixed shift additionally
utilizes a window shifting operation [24]. Both variants ex-
hibit significant performance degradation, demonstrating the
enhancement in local structure modeling capability achieved
through our learned attention sparsity.

Coarse feature guidance. TrTw/o coarse info computes
the attention without the guidance of the coarse features,
resulting in decreased RR values on 3DMatch and 3DLo-
Match. These results demonstrate that the guidance provided
by the coarse features enhances the local feature extraction.

E. Efficiency Evaluation

To facilitate a direct comparison with the standard at-
tention mechanism (SA) [34], we provide a visualization
of inference time and memory usage for both SA and
our proposed TrA in Figure 2. As the number of points
increases, both the inference time and memory usage of SA
grow quadratically, whereas those of TrA increase linearly.
Additionally, the inference time of the comparison methods
is evaluated using the 3DMatch [40] benchmark, and the

TABLE IV
ABLATION RESULTS ON THE 3DMATCH AND 3DLOMATCH

CONCERNING THE EFFECTS OF THE DIFFERENT MODEL COMPONENTS.
THE RR IS GIVEN IN %, THE RRE IN ◦ , AND THE RTE IN m.

Method 3DMatch 3DLoMatch
RR RRE RTE RR RRE RTE

TrTST 92.3 1.53 0.048 66.9 2.67 0.078
TrTfixed 93.1 1.61 0.047 70.4 2.77 0.080
TrTfixed shift 93.3 1.65 0.053 69.0 2.83 0.084
TrTw/o coarse info 91.2 1.75 0.054 64.4 3.45 0.098

TrT 95.4 1.49 0.043 76.3 2.26 0.067

results are summarized in Table II. TrT emerges as the
second fastest method, with an inference time under 130 ms.

(a) Inference time (b) Memory usage

Fig. 2. Comparison of the inference time and memory usage between ST
and our TrA, where ST utilizes the standard attention mechanism.

V. LIMITATION

Since the TrT is only implemented with a naive CUDA
kernel without many optimizations, and it is not as efficient
as the well-optimized GPU matrix operation. In the future,
the inference time of TrT can be further reduced by optimiz-
ing the CUDA kernel.

VI. CONCLUSION

In this work, a novel transformer-based network named
the TrT is proposed. This approach can extract abundant
local and global information while maintaining linear com-
putational complexity. Our approach builds coarse-to-dense
feature trees, and the proposed TrA module follows tree
structures to progressively narrow the attended regions and
structurize point clouds. Specifically, the coarse layers adap-
tively specify the attended regions in the dense layers, and
the extracted coarse features are incorporated into the dense
layers to guide the feature extraction process, thereby en-
abling our method to focus on important local structures and
facilitating local feature extraction. Experiments demonstrate
that our method achieves state-of-the-art performance on
3DMatch and KITTI benchmarks.
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