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Abstract

Recent advances in deep learning-based point cloud
registration have improved generalization, yet most meth-
ods still require retraining or manual parameter tuning
for each new environment. In this paper, we identify
three key factors limiting generalization: (a) reliance on
environment-specific voxel size and search radius, (b) poor
out-of-domain robustness of learning-based keypoint de-
tectors, and (c) raw coordinate usage, which exacer-
bates scale discrepancies. To address these issues, we
present a zero-shot registration pipeline called BUFFER-
X by (a) adaptively determining voxel size/search radii,
(b) using farthest point sampling to bypass learned de-
tectors, and (c) leveraging patch-wise scale normaliza-
tion for consistent coordinate bounds. In particular, we
present a multi-scale patch-based descriptor generation
and a hierarchical inlier search across scales to improve
robustness in diverse scenes. We also propose a novel
generalizability benchmark using 11 datasets that cover
various indoor/outdoor scenarios and sensor modalities,
demonstrating that BUFFER-X achieves substantial gen-
eralization without prior information or manual parame-
ter tuning for the test datasets. Our code is available at
https://github.com/MIT-SPARK/BUFFER-X.

1. Introduction

The field of deep learning-based point cloud registra-
tion has made steady and remarkable progress, including
enhancing feature distinctiveness [2,4-6, 14, 15,31,48], im-
proving data association strategies [25,31,43-45,86,89,90],
and developing more robust pose estimation solvers [32,60,
78,93]. Consequently, existing approaches achieve strong
performance on test sequences within the same dataset used
for training, successfully estimating the relative pose be-
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Fig. 1: Sucess rate (unit: %) of zero-shot point cloud registra-
tion with state-of-the-art approaches on 11 datasets [27,31,33, 55,
59, 60, 68, 70, 80, 87]. Without any prior information or manual
parameter tuning for the test datasets, our BUFFER-X shows ro-
bust generalization capability across diverse scenes even though
the network is only trained on the 3DMat ch dataset [87].

tween two partially overlapping point clouds [10,39,42,76,
77,83].

More recently, there has been growing interest in tack-
ling the generalization of these deep learning-based meth-
ods [5,6, 16,24,53], which is the capability of a network to
perform well across diverse real-world scenarios.

While these approaches have demonstrated excellent
generalization performance, in practice, most existing
methods still require the user to provide optimal parame-
ters, such as voxel size for downsampling cloud points and
search radius for descriptor generation, when dealing with
unseen domain datasets. In this paper, we refer to this man-
val tuning as an oracle. Therefore, it is still desirable to
develop zero-shot registration approaches for better usabil-
ity and practical deployment.
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Furthermore, despite nearly a decade of research in
deep learning-based registration, most studies remain con-
fined to specific scenarios, primarily conducting experi-
ments using omnidirectional LiDAR point clouds for out-
door environments [27, 81] and RGB-D depth clouds for
indoor settings [87]. For this reason, domain generaliza-
tion experiments on LiDAR point clouds in indoors [59]
or with different LiDAR scan patterns in outdoor environ-
ments [33, 38, 59] are less explored. This underscores the
need for a new benchmark that better reflects real-world
sensor variations to evaluate generalizability across unseen
environments and diverse scanning patterns.

In this context, the main contribution of this paper is
addressing two key issues above and propose: a) a zero-
shot registration architecture and b) a novel benchmark to
help evaluate the generalization capability of deep learning-
based registration approaches, as shown in Fig. 1. First,
inspired by the remarkable generalization of BUFFER [5]
as long as a user manually tunes the voxel size and search
radius, we first thoroughly analyze the architectural prin-
ciples that underpin its generalization. Then, we identify
three factors that hinder the zero-shot capabilities of exist-
ing methods in Sec. 3. Building on these insights, we intro-
duce a self-adaptive mechanism to determine the optimal
voxel size for each test scene and streamline the pipeline of
BUFFER, ultimately presenting a robust multi-scale patch-
wise approach. We name our approach BUFFER-X to sig-
nify that it is an extension of BUFFER.

Second, we establish a comprehensive benchmark that
encompasses both indoor and outdoor settings, ensuring
that outdoor settings include culturally and geographically
diverse locations (e.g., captured in Europe, Asia, and the
USA), various environmental scales (ranging from me-
ters to kilometers), and different LiIDAR scanning patterns,
while indoor settings also incorporate LiDAR-captured
data.  Subsequently, we demonstrate that our method
achieves promising generalization capability without any
prior information or manual parameter tuning during the
evaluation; see Fig. 1.

In summary, we make three key claims: (i) we thor-
oughly analyze the limitations of existing approaches and
identify the key factors that have hindered zero-shot gen-
eralization, (ii) we present an improved approach, named
BUFFER-X, that addresses the generalization issues of
state-of-the-art methods, and (iii) we introduce a benchmark
to evaluate zero-shot generalization performance compre-
hensively.

2. Related Work

3D point cloud registration, which estimates the relative
pose between two partially overlapping point clouds, is a
fundamental problem in the fields of robotics and computer
vision [7, 13, 17,36, 82]. Overall, point cloud registration

methods are classified into two categories based on whether
their performance relies on the availability of an initial
guess for registration: a) local registration [11,35,54,56,65,
71] and b) global registration [10,23,26,39,42,75-77,93].
Global registration methods can be further classified into
two types: a) correspondence-free [10,12,18,22,30,49-51,
61,64,92] and b) correspondence-based [23,26,37,43,77,
85, 86, 93] approaches. In this study, we focus on the lat-
ter and particularly place more emphasis on deep learning-
based registration methods.

Since Qi et al. [57] demonstrated that learning-based
techniques in 2D images can also be applied to 3D point
clouds, a wide range of learning-based point cloud registra-
tion approaches have been proposed. Building on these ad-
vances, novel network architectures with increased capacity
have continuously emerged, ranging from MinkUNet [19-
21], cylindrical convolutional network [5,6,94], KPConv [8,
31,69] to Transformers [15,58,72,73].

While these advancements have led to improved regis-
tration performance, some of these methods often exhibit
limited generalization capability, leading to performance
degradation when applied to point clouds captured by dif-
ferent sensor configurations or in unseen environments. To
tackle the generalization problem, Ao et al. [3,6] introduce
SpinNet, a patch-based method that normalizes the range of
local point coordinates within a fixed-radius neighborhood
to [—1,1]. This makes us come to realize that patch-wise
scale normalization is key to achieving a data-agnostic reg-
istration pipeline.

Further, Ao et al. [5] proposed BUFFER to enhance ef-
ficiency by combining point-wise feature extraction with
patch-wise descriptor generation. However, we found that
such learning-based keypoint detectors can hinder robust
generalization, as their failure in out-of-domain distribu-
tions may trigger a cascading failure in subsequent steps;
see Sec. 3.2.3. In addition, despite the high generalizability
of BUFFER, we observed that during cross-domain testing,
users had to manually specify the optimal voxel size for the
test data, which hinders fully zero-shot inference.

Under these circumstances, we revisit the generaliza-
tion problem in point cloud registration and explore how to
achieve zero-shot registration while preserving the key ben-
efits of BUFFER’s scale normalization strategy. In addition,
we remove certain modules that hinder robustness and intro-
duce an adaptive mechanism that determines the voxel size
and search radii depending on the given cloud points pair.
To the best of our knowledge, this is the first approach to
evaluate the zero-shot generalization across diverse scenes
covering various environments, geographic regions, scales,
sensor types, and acquisition setups.
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Fig. 2: (a) Variation in the number of points after voxeliza-
tion with different voxel sizes v across datasets. Even in indoor
scenes, point counts vary significantly depending on the sensor
type (i.e, TIERS [59] vs. 3DMatch [87]). Notably, TIERS and
KITTI [27], both using omnidirectional LiDARs, yield different
point densities due to indoor vs. outdoor environments. (b) Em-
pirical distribution of the datasets’ maximum range.

3. Preliminaries
3.1. Problem statement

The goal of point cloud registration is to estimate the rel-
ative 3D rotation matrix R € SO(3) and translation vector
t € R? between two unordered 3D point clouds P and Q.
To this end, most approaches [31, 40] follow three steps:
a) apply voxel sampling f,(-) to the point cloud with voxel
size v as preprocessing, b) establish associations (or corre-
spondences) A, and c) estimate R and ¢.

Formally, by denoting corresponding points for a cor-
respondence (i,j) in A as p;, € f,(P) and g; € f,(Q),
respectively, the objective function used for pose estimation
can be defined as:

R, t= arg min
ReSO(3),teR3 (

> o(la; ~ Bpi —tll2), ()

i,j)€A

where p(-) represents a nonlinear kernel function that miti-
gates the effect of spurious correspondences in A.

3.2. Key observations

If A in (1) is accurate, solving (1) is easy. However, we
have observed there exist three factors that cause learning-
based registration to struggle in estimating A when given
out-of-domain data.

3.2.1 Voxel size and search radius

First, dependencies of optimal search radius r for local de-
scriptors and voxel size v for each dataset are problematic.
The optimal parameters vary significantly across datasets
due to differences in scale and point density (e.g., small in-
door scenes vs. large outdoor spaces [5]) Consequently, im-
proper r or v can severely degrade registration performance
by failing to account for specific scale and density charac-
teristics of a given environment or sensor; see Sec. 5.1. For
instance, in Fig. 2(a), as v controls the maximum number
of points that can be fed into the network, a too-small v

can trigger out-of-memory errors when outdoor data pro-
cessed with parameters optimized for indoor environments
are taken as input to the network.

In particular, most methods heavily depend on manual
tuning, which hinders generalization. Therefore, we em-
ploy a geometric bootstrapping to adaptively determine v
and r at test time based on the scale and point density of the
given input clouds; see Sec. 4.1.

3.2.2 Input scale normalization

Next, directly feeding raw z, y, and z values into the net-
work leads to strong in-domain dependency [31, 58]. That
is, when a model fits to the training distribution, large
scale discrepancies between training and unseen data can
cause catastrophic failure (see Fig. 2(b) for an example of
maximum range discrepancy). For this reason, we con-
clude that normalizing input points within local neighbor-
hoods (or patches) is necessary to achieve generalizabil-
ity, ensuring that their coordinates lie within a bounded
range (e.g., [—1, 1]) [5,6].

Based on these insights, we adopt patch-based descrip-
tor generation as our pipeline for descriptor matching; see
Sec. 4.2.

3.2.3 Keypoint detection

Following Sec. 3.2.2, we observed that point-wise feature
extractor modules in existing methods [31, 58, 79] are em-
pirically brittle to out-of-domain data. Because failed key-
point detection leads to the selection of unreliable and non-
repeatable points as keypoints, it results in low-quality de-
scriptors and ultimately degrades the quality of .4 [29].

An interesting observation is that replacing the learning-
based detector with the farthest point sampling (FPS) pre-
serves registration performance. For this reason, we adopt
FPS over a learning-based module (see Sec. 5.3). Specif-
ically, we apply it separately at local, middle, and global
scales to account for multi-scale variations.

4. BUFFER-X

Building upon our key observations in Sec. 3.2, we
present our multi-scale zero-shot registration pipeline; see
Fig. 3. First, the appropriate voxel size and radii for
each cloud pair are predicted by geometric bootstrap-
ping (Sec. 4.1), considering the overall distribution of cloud
points and the density of neighboring points, respectively.
Then, we extract Mini-SpinNet-based features [5] for the
sampled points via FPS at multiple scales (Sec. 4.2). Fi-
nally, at the intra- and cross-scale levels, refined corre-
spondences are estimated based on consensus maximiza-
tion [66, 67, 88] (Sec. 4.3) and serve as input for the final
relative pose estimation using a solver.
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Fig. 3: Overview of our BUFFER-X, which mainly consists of three steps. (a) Geometric bootstrapping (Sec. 4.1) to determine the
appropriate voxel size and radii for the given source P and target Q clouds. (b) Multi-scale patch embedder (Sec. 4.2) to generate patch-
wise descriptor S¢ for multiple scale £ € {l, m, g}, where [, m, and g represent local, middle, and global scales, respectively. Specifically,
Mini-SpinNet [5] outputs cylindrical feature maps C¢ and vector feature set F¢. (c) Hierarchical inlier search (Sec. 4.3), which first
performs nearest neighbor-based intra-scale matching using ]-'57) and }'EQ at each scale, followed by pairwise transformation estimation.
Finally, it identifies globally consistent inliers Z across all scales to refine correspondences based on consensus maximization [67, 88].

4.1. Geometric bootstrapping

Sphericity-based voxelization. First, we determine proper
voxel size v by leveraging sphericity, quantified using
eigenvalues [1, 28], to reflect how the cloud points are dis-
persed in space. To this end, we apply principal component
analysis (PCA) [41] to the covariance of sampled points,
which can efficiently capture point dispersion by analyzing
eigenvalues while remaining computationally lightweight.
Formally, let h(P, Q) be a function that selects the larger
point cloud based on cardinality, let g(P, d) be a function
that samples 6% of points from a given point cloud, and let
C € R3*3 be the covariance of g(h(P, Q),§,), where 4,
is a user-defined sampling ratio. Then, using PCA, three
eigenvalues )\, and their corresponding eigenvectors v, are
calculated as follows:

Cv, = A\vg, a€{1,2,3}, 2)
which are assumed to be A\; > Ay > A3. Then, using these
properties, we can compute the sphericity f\‘—f [1], which
quantifies how evenly a point cloud is distributed in space.
Since LiDAR points are primarily distributed along the sen-
sor’s horizontal plane (i.e., forming a disc-like shape), i—f
tends to be low compared to RGB-D point clouds.

In addition, as observed in Fig. 2(a), LIDAR point clouds
require a larger voxel size; thus, we set v as follows:
fispheric\/; if % > To,

v =
{ KdiscV/'S) otherwise,
where Kgpheric and Kgisc are constant user-defined coefficients

across all datasets, satisfying Kepheric < Kdisc» T 1S @ USer-
defined threshold, and s is the length that represents the

3)

spread of points along the eigenvector corresponding to the
smallest eigenvalue vs (i.e., s max(Psampled © V3) —
min(Pampled - v3)). Consequently, as ﬁ—i’ and s adapt based
on the environment (i.e., indoor or outdoor) and the field
of view of the sensor type (i.e., RGB-D or LiDAR point
cloud), (3) enables the adaptive setting of v.

Hereafter, for brevity, we denote f,(P) and f,(Q) sim-
ply as P and O, respectively,

Density-aware radius estimation. Next, in contrast to
some state-of-the-art approaches [5,6] that use a single fixed
user-defined search radius, we determine r at local, mid-
dle, and global scales, respectively, by considering the input
point densities. Let neighboring search function within the
radius r around a query point p, be:

N(pg;P,r) ={peP|p—pgll <r}.

Then, as presented in Fig. 4(a), the radius for patch-wise
descriptor generation for each scale r¢ is defined as follows:

“)

r¢ = arg min % Z card(N(pq,Pr,T)) —7el, 5

PqEPr

where ¢ € {l,m, g} denotes the scale level (i.e., local, mid-
dle, and global scale, respectively), 7¢ denotes the user-
defined threshold, which represents the desired neighbor-
hood density (i.e., average proportion of neighboring points
relative to the total number of points), satisfying 7, < 7, <
74 (accordingly, m < 7, < 14 as presented in Fig. 4(a)),
and P, is a set of V,. points sampled from h(P, Q), where
N, is a user-defined parameter for radius estimation. To ac-
count for cases where the points are too sparse, we set the
maximum truncation radius rmax as re <— Max(re, Tmax)-
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global (ry) radii for the same point to illustrate scale differences
and (b) normalized patches ranging from [—1, 1]. Note that their
reference frames follow the eigenvectors obtained from principal
component analysis (PCA) [1,41]. The z-axis is assigned to the
eigenvector vs3, which corresponds to the smallest eigenvalue.

4.2. Multi-scale patch embedder

Next, with the voxelized point clouds P and Q and radii
estimated by (5), patch-wise descriptors are generated at
each scale.

Farthest point sampling. As discussed in Sec. 3.2.3, we
sample P¢ from P at each scale using FPS to be free from a
learning-based keypoint detector (resp. Q¢ from Q). Note
that instead of extracting local, middle, and global-scale
descriptors for the same sampled point [84], we indepen-
dently sample separate points for each scale, as illustrated
in Fig. 3(b). This is because we empirically found that dif-
ferent regions may require distinct scales for optimal feature
extraction; see Sec. 5.3.

Mini-SpinNet-based descriptor generation. Using mul-
tiple radii r¢, we sample patches at three distinct scales,
providing a more comprehensive multi-scale representation.
Then, we use Mini-SpinNet [5] for descriptor generation,
which is a lightweight version of SpinNet [6].

In particular, building on the insights from Sec. 3.2.2, we
ensure the scale of points in each patch is normalized to a
bounded range of [—1, 1] by dividing by r¢; see Fig. 4(b).
By doing so, we can resolve the dependency on the in-
domain scale. To maintain consistency across patches at
all scales, we fix the patch size to Npyen and randomly sam-
ple when a patch exceeds this size, ensuring a consistent
number of points regardless of scale variations.

Finally, taking these normalized patches as inputs, Mini-
SpinNet outputs a superset Sg73 consisting of D-dimensional

feature vectors F{ and cylindrical feature maps C7, where

corresponds to P¢ (resp. S? consisting of J’-'fQ and ng from
Qe), as described in Fig. 3. Note that while BUFFER [5]
utilizes learned reference axes to extract cylindrical coor-
dinates, our approach defines the reference axes for each
patch by applying PCA to the covariance of points within
the patch, setting the z-direction as v3 (as in (2) and illus-
trated by z = wv3 in Fig. 4(b)), to eliminate potential dataset-
specific inductive biases.

4.3. Hierarchical inlier search

Here, we first perform inter-scale matching to get initial
correspondences A at each scale and then establish cross-
scale consistent correspondences in a consensus maximiza-
tion manner.

Intra-scale matching. First, we perform nearest neighbor-
based mutual matching [46] between F, 57; and F, 59, yielding
matched correspondences A at each scale. Using A¢, we

extract the corresponding elements from Cg) and C?, de-
noted as C/Z) and C; 2. and the sampled keypoints from P
and Q¢ as 735 and @5, respectively (i.e., |A¢| = \éz)| =

IC2| = |Pe| = | Qe

Pairwise transformation estimation. Next, using each
cylindrical feature pair cP € @P and c? € CéQ at each scale,

each of whose size is R *W>*P 'we calculate pairwise 3D

relative transformation between two patches. Here, H, W,
and D denote the height, sector size for the yaw direction
along the z-axis of the reference axes, and feature dimen-
sionality of a cylindrical feature, respectively.

As mentioned earlier, since the cylindrical feature is
aligned with the local reference axes via PCA, the rela-
tive 3D rotation between v} (resp. v) and the unit z-axis,
z = [0 0 1]7, can be calculated using Rodrigues’ rotation
formula [47] as follows:

RP = I +sin(6P)[nP], + (1 — cos(6P))[nP]%, (6)

where nP = v§ x z, 0P = cos™! (v} - z), and [-]« denotes
the skew operator (resp. 7). Thus, once the yaw rotation
between the two patches Ry, is determined, the full 3D
rotation can be obtained as R = (RY)" Ry, RP.

As explained by Ao et al. [5], ¢P and c? follow dis-
cretized SO(2)-equivariant representation; thus, by finding
the yaw rotation that maximizes circular cross-correlation
between cP and c?, we can estimate the relative SO(2)
rotation Ry,,. To this end, a 4D matching cost volume
V € REXWXWXD g constructed to represent the sector-
wise differences between cP and c9. Then, V' is processed
by a 3D cylindrical convolutional network (3DCCN) [6],
mapping V' to a score vector 3 of size W.

By applying the softmax operation o(-) to 3, we obtain
o(B), where the w-th element o,,(3) € [0, 1] represents
the probability mass assigned to the discrete yaw rotation
index w. Using this distribution, the discrete rotation off-
set d is computed as follows:

w
d=Y"0,(B) x w. %

w=1
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Finally, Ry, is calculated as follows:

cos (2‘;—‘1) —sin (%d) 0
Ry, = |sin (%) cos (2LWd) of . ®)
0 0 1

Subsequently, the translation vector is given by t = q —
Rp, where p € P¢ and q € Q¢ are a matched point pair.

Cross-scale consensus maximization. Then, using per-
pair (R, t) estimates from all scales, the 3D point pairs with
the largest cardinality across scales should be selected as the
final inlier correspondences Z, ensuring cross-scale consis-
tency. To achieve this, we formulate the cross-scale inlier
selection as consensus maximization problem [67, 88].

Formally, by denoting N' = >, [A¢l, let (R,t) € T be
a candidate transformation set of size N, and let (p,,, @) €
D be the set of matched point pairs, where n € {1,..., N},
Pn € U5 735 and q, € UE @5. Then, 7 is estimated as
follows:

max _|Z| )
(R)ET, T

st || Rpn +t—qull2 <€, V(Pn,qn) €I CD,

where ¢ is an inlier threshold.

Finally, Z is given as input to a solver, such as
RANSAC [26] or TEASER++ [76] to estimate R and ¢.
For a fair comparison with existing approaches, we use
RANSAC.

4.4. Loss function and training

Loss functions. Unlike BUFFER, which was trained in four
stages, our network follows a relatively simpler two-stage
training process thanks to its detector-free nature. First, we
train the feature discriminability of Mini-SpinNet descrip-
tors using contrastive learning [81], followed by training d
in (7) to improve transformation estimation accuracy.

In particular, we employ the Huber loss [91] pguper(-) for
training d to remain robust to outliers [9], while balancing
sensitivity to small errors, which is formulated as follows:

ir?, if [r| <0

10
5(|r| — 16), otherwise, 10

PHuber (T) = {

where r denotes the residual and § denotes the user-defined
truncation threshold. Then, denoting the total number of
data pairs by Ny, the y-th predicted offset by d, and the
corresponding ground-truth offset by d7, the loss function
L4 is defined as follows:

1
Lg= E ’yZ::l pHuber(d'y - di’;) (11)

Patch distribution augmentation. Furthermore, we pro-
pose an inter-patch point distribution augmentation to allow
Mini-SpinNet to experience a wider variety of patch dis-
tribution patterns. Specifically, we empirically sample the
radius within [27, 37] based on a uniform probability. As
mentioned in Sec. 4.2, since Npyen points within the radius
are randomly selected as an input, a diverse set of patterns
can be provided as r varies.

Notably, training is conducted using only a single scale.
This leverages the scale normalization characteristic of
BUFFER-X, making it unnecessary to train with multi-scale
separately.

5. Experiments

Datasets. As presented in Table A2, we designed our gen-
eralizability benchmark using eleven different datasets [27,
31,33,55,59,60,68,70,80,87] to ensure balanced consider-
ation of the following aspects: a) variation in environmental
scales (i.e., indoor and outdoor environments), b) different
scanning patterns with different sensor types, ¢) acquisition
setups, and d) diversity of geographic and cultural environ-
ments as the data was collected across Europe, Asia, and
the USA (i.e.,, Oxford, KAIST, and MIT campuses, re-
spectively). More details can be found in Appendices B and
C.

Training settings. Then, we only train the network on a sin-
gle dataset, such as 3DMatch [87] or KITTI [27]. Using
the same hyperparameters of BUFFER [5], we conducted
a two-stage optimization (i.e., Mini-SpinNet is first trained,
followed by training the 3DCCN) and we used Adam opti-
mizer [34] with a learning rate of 0.001, a weight decay of
le-6, and a learning rate decay of 0.5. We used NVIDIA
GeForce RTX 3090 with AMD EPYC 7763 64-Core.

Testing settings. In the case of the existing datasets [27,
31,55,68,87], we follow the conventional given pairs. The
description of the newly employed datasets for evaluation
can be found in Appendix B.

Evaluation Metrics. As a key metric, we use the success
rate, which directly assesses the robustness of global regis-
tration [39]. Specifically, a registration is deemed success-
ful if the translation and rotation errors are within 7, and
Trot> Tespectively [81]. For successful cases, we evaluated
the performance using relative translation error (RTE) and
relative rotation error (RRE), which are defined as follows:
« RTE = Y Muceess (¢ o1 — £,)2 / Nouccesss

Tr(RT R, gr)—1
2

* RRE = % Zgi‘clce” ‘ COSfl( )‘/Nsuccess

where t,, gt and R,, gt denote the n-th ground truth transla-
tion and rotation, respectively; Ngyccess T€presents the num-
ber of successful registration. The more detailed criteria
for determining a successful registration are provided in ta-
ble A2.
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| Env. | Indoor Outdoor Average
‘Datasel ‘ 3DMatch 3DLoMatch ScanNet++i ScanNet++F TIERS KITTI WOD KAIST MIT ETH Oxford rank
s — | FPFH [62] + FGR [93] + 62.53 15.42 77.68 92.31 80.60 98.74 100.00 89.80 74.78 91.87 99.00 9.55
Z §|FPFH [62] + Quatro [42] + 8.22 1.74 9.88 97.27 86.57 99.10 100.00 91.46 79.57 51.05 91.03 10.73
S = | FPFH [62] + TEASER++ [76] +@)| 52.00 13.25 66.15 97.22 73.13  98.92 100.00 89.20 71.30 93.69 99.34 10.00
FCGF [21] 88.18 40.09 72.90 88.69 5596 0.00 0.00 0.00 0.00 5498 0.00 15.00
+ 88.18 40.09 85.87 88.69 78.62 90.27 97.69 9291 92.61 5498 93.68 10.18
+@+H¥ 88.18 40.09 85.87 88.69 80.11 9441 97.69 93.55 93.04 5553 95.68 9.55
Predator [31] 90.60 62.40 75.94 N/A N/A NA NA NA NA NA NA 15.73
5 + 90.60 62.40 75.94 29.81 5644 0.00 000 095 0.00 0.14 0.33 14.55
% +@+H 90.60 62.40 75.94 86.01 7574 7729 8692 87.09 79.56 5442 93.68 11.82
k) GeoTransformer [58] 92.00 75.00 91.18 N/A N/A N/A N/A NA NA NA NA 14.00
%ﬁ + 92.00 75.00 91.18 7.54 506 036 077 025 087 000 033 13.09
g +&+H¥ 92.00 75.00 92.72 97.02 92.99 9243 89.23 91.86 95.65 71.53 97.01 6.27
2 BUFFER [5] 92.90 71.80 92.72 93.75 6230 000 154 050 6.96 97.62 0.66 10.45
§ + 92.90 71.80 93.01 94.69 88.96 99.46 100.00 97.24 95.65 99.30 99.00 3.82
A +&@+H 92.90 71.80 93.01 94.69 88.96 99.46 100.00 97.24 95.65 99.30 99.00 3.82
PARENet [79] 95.00 80.50 90.84 N/A N/A N/A N/A N/A  N/A N/A N/A 13.27
+ 95.00 80.50 90.84 43.75 6.21 0.18 077 075 130 140 1.66 11.55
+@+H 95.00 80.50 90.84 87.95 75.06 84.86 9231 86.44 84.78 69.42 93.36 8.82
Ours with only 7, 93.38 71.69 93.10 99.60 90.80 99.82 100.00 99.05 95.65 99.30 99.34 3.00
Ours 95.58 74.18 94.99 99.90 9345 99.82 100.00 99.15 97.39 99.72 99.67 1.55

Table 1: Quantitative comparison of generalization performance in terms of success rate (%). Deep learning-based models were trained
only on 3DMatch [87] and RANSAC was used with a maximum iteration of 50K. The icons represent oracle tuning (&) for voxel size
and radius, and scale alignment () to normalize dataset scales to be similar to that of 3DMatch data (e.g., the scale of KITTI, which
typically uses a voxel size of 0.3 m, is adjusted to match the scale of 3DMat ch, where 0.025 m is commonly used, by dividing by %).

5.1. Analyses on the generalization

First, we demonstrate that existing methods strug-
gle in achieving out-of-the-box generalization, leading to
performance degradation due to the issues explained in
Sec. 3. In this experiment, we mainly used renowned
learning-based approaches: FCGF [21], Predator [31], Geo-
Transformer (GeoT for brevity) [58], BUFFER [5], and
PARENet [79].

As shown in Table 1, models trained with small voxel
sizes and search radii for indoor datasets exhibited substan-
tial performance degradation in outdoor scenarios. In par-
ticular, as explained in Sec. 3.2.1, we observed that some
approaches did not even work due to out-of-memory is-
sues (i.e., N/A in Table 1) caused by an excessively large
number of input points.

Once a properly user-tuned voxel size and search radius
were provided (referred to as oracle tuning, @), BUFFER
showed a remarkable performance increase owing to its
patch-wise input scale normalization characteristics. In
contrast, other approaches still showed relatively lower suc-
cess rates because the networks received point clouds with
magnitudes not encountered during training. This potential
limitation is further evidenced by the performance improve-
ment of Predator after scale alignment, supporting our claim
that scale normalization is a key factor in achieving gener-
alizability.

5.2. Performance comparison

Second, we demonstrate that our proposed algorithm, in-
spired by these key observations, achieves substantial out-

200 5

IR
o] .
Ll

FCGF Predator GeoT PARENet Ours

V
.
'
‘
'
§
|

.

;
“mmEs o |

FCGF Predator GeoT PARENet Ours

RRE[°]

Fig. 5: Relative translation error (RTE) and relative rotation er-
ror (RRE) of our approach to state-of-the-art methods, all trained
on 3DMatch and tested on KITTI, with oracle tuning and scale
alignment, corresponding to those in Table 1 under the + & + (¥
setting. The **** annotations indicate measurements with a p-
value < 10™* after a paired t-test.

of-the-box generalization; see Table 1. In particular, our
approach achieved lower RTE and RRE than state-of-the-
art approaches even with oracle tuning and scale align-
ment (Fig. 5), while maintaining competitive in-domain
performance (Table 2). Therefore, this experimental ev-
idence supports our claim that our algorithm achieves a
high generalization capability and successfully performs in-
domain scenarios.

5.3. Ablation study

Impact of geometric bootstrapping. Fig. 6 supports our
claim that voxel size and radius have a more direct impact
on performance than expected. Unlike BUFFER, which re-
lies on manual tuning, our method automatically estimates
optimal v and r, adapting to different scenes and maintain-
ing consistency across varying dataset densities (Fig. 6(b)).
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\Method RTE [cm] ] RRE [°]] Succ. rate [%] T
= | G-ICP [65] 8.56 0.22 37.95
'S FPFH [62] + FGR [93] 18.75 0.38 98.74
£ | FPFH [62] + Quatro [42] 18.56 0.93 99.10
Z | FPFH [62] + TEASER++ [76] 1535 0.68 98.92
S | KISS-Matcher [40] 21.33 0.96 99.46
3DFeat-Net [81] 25.90 0.57 95.97
FCGF [21] 6.47 0.23 98.92
- DIP [52] 8.69 0.44 97.30
9 | Predator [31] 5.60 0.24 99.82
_$ SpinNet [6] 9.88 0.47 99.10
20| CoFiNet [84] 8.20 0.41 99.82
‘E | D3Feat [8] 11.00 0.24 99.82
53 GeDi [53] 7.55 0.33 99.82
GeoTransformer [58] 7.40 0.27 99.82
BUFFER [5] 7.46 0.26 99.64
PARE-Net [79] 4.90 0.23 99.82
Ours 774 0.27 99.82

Table 2: In-domain quantitative results in terms of relative trans-
lation error (RTE), relative rotation error (RRE), and success rate
on KITTI [81].

hotel uc_scan3
100

9

80
0.1 0.2 0.3 0.4 0.5

hotel_ umd hotel3
1000,

9

Success rate [%)

<)-FCGF ’ 30
80 Predator ’ . 01 02 03 04 05
Goult o 7;\;0 homeat .
75 |[A-PARENet| 1 100 ome-at-scan
?[|4©-BUFFER| !
— Ours d 90, 5
0 [©BUFFER —Ours (Single)
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\
Success rate [%) Success rate [%] Success rate (%]

70
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Voxel size [m] Search radius [m]

(a) (b)
Fig. 6: Effect of voxel size and search radius on success rates,
where  indicates the best performance after tuning. (a) Impact
of voxel size (with () on models trained on 3DMat ch, evaluated
on KITTI. (b) BUFFER-X vs. BUFFER across different radii,
showing that optimal radius may vary within the same dataset.

Learning-based detector vs. Farthest point sampling.
Interestingly, FPS rather showed better performance than
the learning-based keypoint detector in BUFFER [5], even
in its training domain (i.e., in 3DMatch and 3DLoMatch).
In particular, the performance gap sometimes becomes
more pronounced in the out-of-domain scenes, demonstrat-
ing that robust cross-domain generalization can be achieved
without the need for additional learning-based keypoint se-
lection.

Impact of multi-scale. While we demonstrated that using
only the middle scale in a single-scale setting is comparable
to the multi-scale approach (see Table 1), Table 3 shows that
incorporating multiple scales further increases the success
rate. This implies that correspondences across scales com-
plement each other, leading to higher success rates. How-
ever, increasing the number of scales introduces a trade-off
between accuracy and computational cost (Fig. 8), allowing
users to balance efficiency and performance based on their
specific needs.

Success rate [%)
&
-

W/ random sampling
mW/ keypoint detector
MW/ farthest point sampling

& ?)@s*@&
Dataset

Fig. 7: Comparison of success rates between random sampling,

learning-based keypoint detection in BUFFER [5], and our far-

thest point sampling (FPS) strategy, showing that FPS performs

comparably or even better across various datasets.

Local Middle Global ‘ RTE [cm]] RRE[°]] Succ. rate [%]1 Hz 1

v 6.57 2.15 84.06 5.61
v 5.87 1.85 93.38 5.47

v 6.06 1.91 93.57 5.49

v v 5.73 1.81 94.31 235
v 5.71 1.81 94.02 2.36

v v 5.78 1.81 94.62 2.33

v v 5.78 1.79 95.58 1.81

Table 3: Ablation study: the impact of different scale combina-
tions on registration performance in the 3DMat ch [87].

L L L L L L L =
0 50 100 150 200 250 300 350 400

Average computational time [msec]
l\:chom. bootstr. BEFPS @lMini-SpinNet @Matching [l Consens. max4|

Fig. 8: Area plot of computation time per scale for each module
on an NVIDIA GeForce RTX 3090 using 3DMatch [87].

5.4. Limitations

As seen in Table |, our approach showed lower suc-
cess rate in 3DLoMatch, which only have 10-30% over-
laps. This is because Eq. (9) selects correspondences with
the largest cardinality as inliers. However, in partial over-
lap scenarios, maximizing the number of correspondences
might not yield the actual global optimum (i.e., there might
exist Z* that satisfies | Z*| < |Z| but leads to a better relative
pose estimate). This highlights a trade-off between general-
ization and robustness to partial overlaps (see Appendix D
for further analyses).

6. Conclusion

In this study, we addressed the generalization limitations
of deep learning-based registration and analyzed key fac-
tors hindering it. Based on these insights, we proposed a
fully zero-shot pipeline, BUFFER-X, and introduced a com-
prehensive benchmark for evaluating generalization on real-
world point cloud data. In future works, we plan to study
how to boost the inference speed for better usability.
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