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Abstract. In this paper, we adopt the Universal Manifold Embedding
(UME) framework for the estimation of rigid transformations and extend
it, so that it can accommodate scenarios involving partial overlap and
differently sampled point clouds. UME is a methodology designed for
mapping observations of the same object, related by rigid transforma-
tions, into a single low-dimensional linear subspace. This process yields
a transformation-invariant representation of the observations, with its
matrix form representation being covariant (i.e. equivariant) with the
transformation. We extend the UME framework by introducing a UME-
compatible feature extraction method augmented with a unique UME
contrastive loss and a sampling equalizer. These components are inte-
grated into a comprehensive and robust registration pipeline, named
UMERegRobust. We propose the RotKITTI registration benchmark,
specifically tailored to evaluate registration methods for scenarios involv-
ing large rotations. UMERegRobust achieves better than state-of-the-art
performance on the KITTI benchmark, especially when strict precision
of (1◦, 10 cm) is considered (with an average gain of +9%), and notably
outperform SOTA methods on the RotKITTI benchmark (with +45%
gain compared the most recent SOTA method). Our code is available at
https://github.com/yuvalH9/UMERegRobust.

Keywords: Point clouds · Registration · Rigid transformation
estimation · Invariant Representations · Equivariant Representations

1 Introduction

Point cloud registration is a critical component in many vision-based applica-
tions, such as perception for autonomous systems. The registration of point cloud
observations on a rigid object, or scene, amounts to estimating the rigid trans-
formation relating them. However, in practical scenarios, these observations are
often characterized by partial overlap as a result of being acquired from different
viewpoints, as well as by different sampling patterns.
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Fig. 1. Top: Registration Recall (RR)
performance of different baselines on
regular KITTI (x-axis) and RotKITTI
(y-axis) registration benchmarks.
UMERegRobust outperforms the
compared SOTA methods, on both
benchmarks. Bottom: Registration
problem from RotKITTI bench-
mark, highlighting significant rotation
between measurements. Source and
target point clouds are shown in
different colors, with arrow direc-
tion representing vehicle heading,
indicating a 120◦ rotation problem.

The conventional approach to address-
ing point cloud registration relies on
three basic components: feature extrac-
tion, keypoint matching, and the estima-
tion of rigid transformations based on cor-
responding keypoints.

Recent studies have shifted towards
employing learning-based feature extrac-
tion, demonstrating promising results
even in scenarios with significant varia-
tions among observations [6,17,22,24,30].
Despite the notable advancements facil-
itated by learning-based techniques, the
core elements of the registration pipeline
have remained largely unchanged, relying
heavily on traditional methods such as
Horn [15] for estimating rigid transforma-
tions.

In this study, we adopt the Univer-
sal Manifold Embedding (UME) frame-
work [10,14] for the estimation of rigid
transformations and extend it, so that
it can accommodate scenarios involv-
ing large transformations, partial over-
lap and differently sampled point clouds.
UME is a methodology designed for map-
ping observations (e.g. , images, 3D point
clouds, etc.) of the same object, related by
rigid transformations, into a single low-
dimensional linear subspace. This pro-
cess yields a transformation-invariant rep-
resentation of the observations, with its
matrix form representation being covari-
ant (i.e. , equivariant) with the transfor-
mation. This duality is advantageous, as the invariant representation facilitates
matching of corresponding observations, while the covariant property of the
matrix representation enables estimating the transformation relating the obser-
vations. A prerequisite for generating a UME descriptor for a given observation
is to define a transformation-invariant function over the observations, which we
name the observation coloring function.

Unlike registration methods that rely solely on point-wise matched point’s
coordinates information for transformation estimation [15], the UME leverages
both local geometric correspondences and their matched neighborhood coloring.
This approach leads to a closed-form solution that offers greater accuracy and
robustness.
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While the UME registration method has demonstrated effectiveness on syn-
thetic closed objects like [5,29], it encountered difficulties with outdoor and
indoor scans due to lack of invariant coloring functions, robust to sampling vari-
ations and partial overlap. In this study, we propose a novel UME-compatible
coloring solution that is both invariant to transformations and robust to sampling
variations. We introduce a coloring module based on a Fully-Convolutional neu-
ral network, which we train using a novel UME contrastive learning approach on
pairs of point cloud observations, pre-processed by a Sampling-Equalizer Module
aimed at enhancing robustness to sampling variations. Finally, we introduce a
comprehensive registration pipeline built upon the UME framework.

We showcase the performance of our proposed method on various registration
benchmarks including outdoor (KITTI [13], nuScenes [3]) and indoor (3DMatch
[33]). For many perception tasks, especially in autonomous driving, high pre-
cision is crucial for system safety and performance. Hence, we evaluate and
compare our method on the outdoor benchmarks with a strict precision criteria
of (1◦, 10cm). We also suggest RotKITTI - a new outdoor registration bench-
mark focusing on problems with large rotations. This type of problems is of high
importance in evaluating registration methods for SLAM systems loop closure
[8]. We compare the performance of the proposed method against a large set of
baseline methods (some of the comparisons are shown in Fig. 1).

The main contributions of this paper are:

1. We introduce a novel Universal Manifold Embedding (UME) compatible col-
oring method, augmented with a unique UME contrastive loss and a Sam-
pling Equalizer Module. The proposed UME-compatible coloring provides an
enabler that facilitates high performance UME-based registration for gen-
eral scenes such as outdoor/indoor scans. Additionally, we present a compre-
hensive and robust RANSAC-Free registration pipeline for 3D point clouds,
comprising a dedicated feature extractor for UME descriptor generation, a
matched manifold detector for point cloud matching, a UME-based estima-
tor for hypothesis estimation, and a hypothesis selection module for selecting
the best estimator.

2. We propose the RotKITTI and RotnuScenes registration benchmarks, specif-
ically tailored to evaluate registration methods for scenarios involving large
rotations. These benchmarks are crucial for assessing methods intended for
integration into SLAM systems, particularly for the task of loop closure.

3. We achieve better than state-of-the-art performance on the KITTI bench-
mark, especially when strict precision of (1◦, 10 cm) is considered (with
an average gain of +9%), and notably outperform SOTA methods on the
RotKITTI benchmark (with +45% gain compared the most recent SOTA
method).

2 Related Work

When the relative pose of point clouds undergoing registration is unknown, the
most common approach begins with matching key points, followed by estimating
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transformations between these correspondences using Horn’s solution via con-
strained least squares estimation [15]. Due to the presence of outliers in the esti-
mated correspondences, robust registration algorithms, such as Random Sample
Consensus (RANSAC), are necessary to estimate the registration parameters
and achieve an approximate alignment [12]. Following this initial alignment,
local optimization is typically performed (e.g., [2,25]).

Recent advancements in point cloud registration have primarily focused
on developing high-performance feature descriptors, while the core registration
methodology has remained largely unchanged. Modern 3D feature descriptors
incorporate FCGF [6] and KPConv [26] architectures as part of broader solu-
tions for both indoor and outdoor registration challenges. Overlap Predator [17],
for example, employs KPConv convolutions with self and cross-overlap attention
modules to learn local and co-contextual information. GeoTransformer [24] uses
similar backbone with a geometric transformer module in a hierarchical app-
roach to estimate point correspondences. GCL [22] adopts a unique group-wise
contrastive learning approach, achieving high performance in scenarios with very
low overlap and large translations. CofiNet [31] combines a coarse-to-fine match-
ing approach with attentional feature aggregation to generate point correspon-
dences.

Other methods focus on indoor scenarios only. Lepard [21], for instance, uti-
lizes positional encoding along with a reposition technique to modify cross-point
cloud relative positions, applicable for both rigid and non-rigid transformation
estimation. PEAL [32] initially employs a GeoTransformer model to estimate
the overlap region between two-point clouds and then uses a similar model to
estimate the transformation based on this overlap. YOHO [27] and RoReg [28]
propose rotation-invariant descriptors by averaging descriptors obtained over
multiple rotations, addressing rotation invariance but not translation. E2E [4]
suggests a rotation-invariant descriptor using Spherical CNN [7].

A common aspect of these approaches is that registration is achieved by
aligning the estimated set of corresponding points, meaning only the coordinates
of the matched points are used in the transformation estimation [15]. In contrast,
the proposed UME registration pipeline uses both the estimated correspondences
and their extracted features, thereby embedding valuable contextual information
in the transformation estimation process.

3 Method

Let P,Q ⊂ R
3 be two partially overlapping point clouds related by a rigid trans-

formation and sampling variations. We solve the registration problem between
P and Q by estimating the rigid transformation (R, t) where R ∈ SO(3) and
t ∈ R

3. The UMERegRobust pipeline is depicted in Fig. 2. It incorporates three
primary components. (1) UME Compatible Feature Extractor which assigns
dense features to the input point clouds. It is designed to satisfy the requirements
of the UME framework; (2) Key-point matching and hypothesis generation mod-
ule, that employs the UME descriptors evaluated from the point cloud dense
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Fig. 2. UMERegRobust Overview. P,Q are the input point clouds; (1) The UME
Compatible Coloring Module resamples the point clouds into a uniform grid generat-
ing ˜P and ˜Q, then assigns each point with a transformation invariant feature vector
creating the colored point clouds F

˜P ,F
˜Q. (2) Local UME descriptors, generated on a

down-sampled versions of the point clouds ̂P, ̂Q, are denoted by {Hp}Kk=1, {Hq }Kk=1,
respectively. A Matched Manifold Detector identifies corresponding local UME descrip-
tors, forming a set of K putative matched pairs C. For each matched pair, an estimated
transformation is obtained using the RTUME estimator. (3) Feature correlation is used
to select the hypnosis that maximize the feature correlation between the point clouds.

features, to initially establish putative matches through a Matched Manifold
Detector (MMD), followed by generation of hypothesized estimates of the rigid
transformation using UME-based estimators; (3) Hypothesis selection module,
that selects the best transformation estimate through maximization of the point
clouds feature correlation.

3.1 Universal Manifold Embedding Overview

Let s be a 3D object and Os ⊂ R
3 be the set of all possible observations on s

generated by the action of the transformation group SE(3), i.e. , Os is the orbit
of s. It has been shown [10] that the Universal Manifold Embedding (UME) pro-
vides a mapping from the orbit of possible observations on the object, generated
by the action of the transformation group SE(3) to a single low dimensional lin-
ear subspace of Euclidean space. This linear subspace is invariant to geometric
transformation and hence is a unique representative of the object, regardless of
its observed pose, while its matrix representation is covariant (i.e. equivariant)
with the transformation. It thus naturally serves as an invariant statistic for
solving problems of joint detection and transformation estimation.

Let o ∈ Os be a point cloud observation on the object s and f : R3 → R
d is a

function that assigned a real valued vector to each point in the observation. We
name f the observation coloring function and fo(x) = {f(x)|x ∈ o} the colored
observation. The UME matrix of the colored observation h(x) = fo(x), which
serves as the UME Descriptor of the observation is given by:
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T(h) =

⎡
⎢⎢⎢⎣

∫
R3

w1 ◦ h(x)dx
∫
R3

x1w1 ◦ h(x)dx . . .
∫
R3

x3w1 ◦ h(x)dx

...∫
R3

wM ◦ h(x)dx
∫
R3

x1wM ◦ h(x)dx . . .
∫
R3

x3wM ◦ h(x)dx

⎤
⎥⎥⎥⎦ (1)

where {wm}M
m=1 are measurable functions aimed at generating many compand-

ings of the observation and x = [x1, x2, x3]T . A necessary condition for the
applicability of the UME representation for point cloud registration is that the
coloring function f be invariant to the transformation i.e. , that f(x) = f(Rx+t)
where (R, t) ∈ SE(3). For any two colored observations h(x) = fo(x) and
g(x) = fo′(y) where o, o′ are related by rigid transformation, their correspond-

ing UME matrices are related by T(h) = T(g)D−1(R, t), D(R, t) =
[
1 tT

0 RT

]

Therefore, the UME matrix representation of the observation T(h) is covari-
ant with the transformation, where the linear subspace spanned by its column
space 〈T(h)〉 is invariant to the transformation (since D is an inevitable matrix).
Note that 〈T(h)〉 ∈ Gr(M, 4), where Gr(M, 4) is the Grassmann manifold of 4-
dimensional linear subspaces of an M -dimensional Euclidean space.

UME Local Descriptor. Since the UME representation in (1) was origi-
nally developed for an observation on a single object, adaptations to the gen-
eral case where multiple objects are present (e.g. , LiDAR scans), are required.
Thus, rather than generating a single UME descriptor for the entire observation,
multiple local UME descriptors are generated. Given that the entire observa-
tion undergoes the same rigid transformation, each local descriptor undergoes
the same transformation: Let h be a colored observation of the point cloud
P ⊂ R

3 (colored by the observation coloring function) and {pk}K
k=1 ⊆ P a

set of selected points each with corresponding local neighborhood of radius R,
Pk = {pi ∈ P∣∣‖pi − pk‖2 ≤ R}. The Local UME Descriptor of pk denoted by
Hpk

is obtained using a local adaption of (1) where the integrals are evaluated
locally on the subset Pk, and thus for correctly matched points in two point
clouds to be registered, the UME relations holds.

3.2 UME Compatible Features

As outlined in Sect. 3.1, a necessary step in adapting the UME framework for
point cloud observations is to define a coloring function that assigns each point
in the cloud with a value. This function should be invariant to the action of rigid
transformations. For closed objects, natural candidates for the coloring function,
such as distance from the center of mass, or surface curvature have been employed
[10]. However, these functions are not optimized for scans of outdoor or indoor
scenarios. Moreover, since the point clouds to be registered may be acquired by
different sensors, at different times and from different points of view, the coloring
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function has to be robust to different sampling patterns where it is evident that
the aforementioned candidates may be sensitive to them.

Since defining such a function analytically can be very hard, if at all possible,
we adopt a data-driven approach for implementing the coloring function so that
it is compatible with the UME framework such that three primary requirements
are satisfied: (1) Invariance to rigid transformations; (2) Robustness to sampling
variations; (3) High expressibility of the observation. The UME compatible color-
ing module, illustrated in Fig. 2, comprises two main building blocks. To address
sampling differences, we first introduce a Sampling Equalizer Module, serving
as a preprocessing technique for the subsequent dense feature extraction, imple-
mented by a deep neural network.

Sampling Equalizer Module. To mitigate the mismatch in the sampling pat-
terns of a pair of point cloud observations we implemented a two-stage Sampling
Equalizer Module (SEM). Initially, we employ an off-the-shelf surface recon-
struction technique for point cloud observations. Numerous options exist in the
literature, ranging from classical methods such as Poisson reconstruction [18]
to DNN-based approaches. In this study, we adopted the Neural Kernel Surface
Reconstruction (NKSR) [16], a single-shot surface reconstruction technique, cho-
sen for its robust and real-time performance compared to other methods. Next,
the reconstructed surface generated from the point cloud observation is sampled
into a uniform grid with voxel size of ρ, resulting in a new, uniformly sampled
point cloud denoted in Fig. 2 by P̃, Q̃. In the Supplementary, examples are pro-
vided of point cloud observations - before and after the SEM. The application of
SEM contributes to UME compatibility in two main ways. First, we can control
the density of the processed point clouds by adjusting the value of ρ, thereby
enhancing the precision of numerically evaluating the integrals in (1). Second,
by introducing uniformity in sampling the point clouds, we reduce mismatches
between local UME descriptors of matching neighborhoods, that may result from
evaluating the integrals in (1) over differently sampled neighborhoods.

Dense Feature Extractor. We adopt a fully convolutional neural network as
our feature extractor, employing a similar architecture to [6]. Our feature extrac-
tor is a Unet-shaped DNN utilizing sparse 3D convolutions with skip-connections
and it is the only learnable module in the entire registration pipeline (see detailed
implementation in the Supplementary). The feature extractor assigns a feature
vector to every point in the input point cloud. These features encapsulate both
global and local contextual information based solely on the observation geome-
try, thus creating a coloring function with high expressibility of the observation.
Thus, the coloring function is the result of two cascaded blocks: the SEM and the
dense feature extractor. Invariance to rigid transformations is achieved by train-
ing the model using augmentations, along with utilizing UME-compatible losses
that optimize the coloring module to match the UME theoretical requirements.
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3.3 Keypoint Matching and Hypothesis Generation

Matched Manifold Detector. Since the linear subspace spanned by each
UME local descriptor is invariant to rigid transformations, UME local descriptors
of matching points are mapped into the same point on the Grassmann Manifold
Gr(M, 4), regardless of their pose. Therefore, an effective approach to match
these descriptors is by assessing their affinity on the manifold. To select the
putative points to be matched, we create a down-sampled version of the input
point clouds P̂ = {pk}K

k=1 ⊆ P, Q̂ = {qk}K
k=1 ⊆ Q. For each selected point we

generate its local UME descriptor from its corresponding local neighbourhood
{Pk}K

k=1,{Qk}K
k=1 using the assigned features {FPk

}K
k=1, {FQk

}K
k=1 to obtain

{Hpk
}K

k=1, {Hqk
}K

k=1, respectively. Let 〈X〉 and 〈Y〉 be two linear subspaces
spanned by the columns of full rank matrices X,Y ∈ R

M×r, respectively. Their
distance on Gr(M, r) is [9]:

dpF (X,Y) =
1√
2
‖PX − PY‖F = ‖ sin(θ)‖2 (2)

where PX,PY are the orthogonal projection matrices on the column space
of X and Y, respectively. The distance is also equivalent to the �2-norm of
the sine vector of the principal angles between the two subspaces where the
maximal distance is

√
r, and is zero for identical subspaces. Matched Manifold

Detection (MMD) is defined as the operation of detecting an observation that
belongs to the same orbit (as defined in Sect. 3.1) as a given query observation,
regardless of their relative transformation. Ideally, MMD operation is equiva-
lent to finding a UME descriptor with zero dpF distance to the tested query.
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Fig. 3. PR-Curve of Keypoint match-
ing performance under rigid transfor-
mation, partial overlap and sampling
variations of UME Local descriptor vs.
other descriptors.

However, in practice, local UME descrip-
tors of matching neighborhoods are not
identical due to the differences in the sam-
pling of these neighbourhoods. Hence, the
zero dpF constraint is relaxed to a minimal
distance, and the keypoint matching in
the evaluation step is done by employing
the Hungarian Algorithm [20] on the pair-
wise dpF distance matrix. Note that while
the standard point-to-point matching [1,
6,17,24,31] may be sensitive to the noisy
nature of the measurements, applying
neighbourhood-to-neighbourhood match-
ing using a Matched Manifold Detector
applied to the UME local descriptors pro-
vides higher robustness.

To demonstrate the robustness of local UME descriptors in keypoint match-
ing under rigid transformations, partial overlap, and varying sampling patterns,
we compared their performance to that of STOA local point-wise descriptors.
Figure 3 presents a precision-recall curve comparing local UME descriptors (dis-
tances evaluated by dpF ) matching accuracy, to other descriptors matching accu-
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racy. The results clearly show the superior accuracy and robustness of local UME
descriptors, especially at Recall @0.95, where they achieve a precision gain of
approximately 15% over the leading competitor. Additionally, we evaluated the
matching performance of Local UME point-wise descriptors using the �2 met-
ric, which resulted in a significant deterioration of 30% compared to the UME
neighborhood-based descriptor and dpF distance. These findings underscore the
significant advantage of using UME-based distance between neighborhoods over
other local point-wise descriptors.

Hypothesis Generation. Following the detection of matching neighborhoods,
the Rigid Transformation UME (RTUME) estimator [10] is employed for gener-
ating multiple hypotheses of the underlying transformation relating every pair of
matching neighborhoods. More specifically, for every one of K putative matched
pairs, the RTUME estimator generates an hypothesized estimate, with total
of K hypotheses {(Rk, tk)}K

k=1. Note that unlike common estimation methods,
e.g. , [15] that require multiple point correspondences to generate a single esti-
mate of the transformation, the RTUME provides a transformation estimate
from every single pair of matched neighborhood descriptors. The RTUME esti-
mate of the transformation employs information from the entire neighborhood of
the matched point thus leveraging the covariant property of the UME descrip-
tor. Unlike competing methods [17,24,31], where only the coordinates of the
matched points are used to estimate the transformation, the RTUME employs
information on both the coordinate values and the feature values, resulting in
higher accuracy and robustness of the estimates.

3.4 Loss Functions

The loss function adopted to train the dense feature extractor, in a supervised
fashion, L = λ1Lpw + λ2LUME + λ3Lreg is composed of three losses aiming at
complementary goals: a point-wise contrastive loss to increase point-level fea-
tures invariance, a UME-contrastive loss for optimizing the features towards
conforming with the UME framework assumptions, and an auxiliary registra-
tion loss to guide the feature extractor towards optimizing its performance in
the task of point cloud registration.

Point-Wise Contrastive Loss. Metric learning, and specifically, contrastive
learning, is a widely used approach for training feature extraction models [6,22].
Despite the differences between the two input point clouds, the point-wise con-
trastive loss aims to enforce similarity between the features of matching points
(positive group) while reducing the similarity between non-matching points (neg-
ative group). The employed point-wise loss is an adapted version of the Super-
vised Contrastive Learning loss (SCL) [19] for optimizing the feature extraction
from 3D point clouds. Let Mpw be the set of positive matches, which includes
all point pairs that are at most ε meters apart under the ground-truth transfor-
mation. Let N p

pw be the set of negative pairs of p ∈ P, i.e. , they are at least R
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away from each other under the ground-truth transformation. The Point-Wise
Contrastive Loss is then given by:

Lpw = −
∑

(p,q)∈Mpw

log
exp

(
fT

p fq/τ
)

exp
(
fT

p fq/τ
)

+
∑

z∈N p
pw

exp
(
fT

p fz/τ
) (3)

where p ∈ P is the anchor point, while q,z ∈ Q are its positive match and a
negative match, respectively. fp is the feature vector of p and τ is a temperature
parameter.

UME Contrastive Loss. To optimize the features compatibility with the
UME framework, we aim at minimizing the distance on the Grassmann Manifold
between local UME descriptors of matching neighborhoods, while maximizing
the distance between UME descriptors of non-matching neighborhoods. This is
achieved through a novel UME Contrastive Loss, which adapts the SCL loss to
manifold metric learning by evaluating (2) between UME local descriptors of
the selected keypoints. During the training procedure, we sample {pk}K

k=1 from
P̃ with radius R neighborhood around each point, such that each neighborhood
contains at least N points both in the source point cloud and under the ground-
truth transformation, in the target point cloud. The points on the target point
cloud are denoted by {qk}K

k=1 (note that in general, qk is not necessarily an
actual point that exists in Q̃ although its neighborhood is). For each point we
generate a UME local descriptors {Hpk

}K
k=1, {Hqk

}K
k=1. Let MUME be the set of

UME local descriptors of matching pairs under the ground-truth transformation
and N p

UME the set of all non-matching neighborhoods to that of p w.r.t. ground
truth transformation. The UME Contrastive loss is given by:

LUME = −
∑

(p,q)∈MUME

log
exp

(
sUME

pq /τ
)

exp
(
sUME

pq /τ
)

+
∑

z∈N p
UME

exp
(
sUME

pz /τ
) (4)

where sUME
pq = 1−dpF (Hp ,Hq ) is the UME Similarity based on the dpF distance.

Registration Loss. For every matched pair of UME local descriptors we esti-
mate the rigid transformation relating them (as detailed in Sect. 3.3). To guide
the training procedure towards the task of point cloud registration, we employ
an auxiliary loss that ensures the hypothesized transformation estimates from
correct matches are accurate. By doing so we tune the feature extractor module
to a solution that is implicitly UME compatible as well. We employ the Cube
Reprojection Error (CRE) [23] as our registration loss:

Lreg =
1
K

K∑
k=1

∑
p∈CR

∥∥∥
(
R̂k − RGT

)
p +

(
t̂k − tGT

)∥∥∥
2

(5)

CR is a 3D cube centred at the origin with R length sides, {(R̂k, t̂k)}K
k=1 are the

hypnotized and (RGT , tGT ) the ground truth transformations, respectively.
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3.5 Hypothesis Selection

Once a set of hypotheses is obtained, the best hypothesis is selected by using the
Point Clouds Feature Correlation Hypothesis Testing (PC-FCHT) [11], instead
of the commonly employed sample consensus criterion: Define the feature cor-
relation between two point clouds P and Q as function of an arbitrary rigid
transformation T ∈ SE(3) by:

(P ∗ Q)(T ) =
∑
p∈P

κ(f(p), f(T−1(Q))) (6)

where f(p) is the observation coloring function and κ is a weighted correla-
tion function of a single point defined by: κ(f(p), f(Q)) =

∑
q∈Q wσ(‖p −

q‖)f(p)T f(q), and wσ : R
+ → [0, 1] is a weight function, inversely related

to the distance between given points. Inspired by classic matched filtering detec-
tion, (6) is employed to decide on the best hypothesis among a set of hypoth-
esized transformations in a global registration framework. More specifically, let
D = {(Rk, tk)}K

k=1 be a set of hypothesis estimates. (6) is used to measure the
quality of transformation estimates, where the goal is to find the transformation
D̂ that maximizes (6), instead of the commonly used consensus size criterion.

4 Experimental Results

We evaluated UMERegRobust on the outdoor registration benchmarks of KITTI
[13] and nuScenes [3] (Sect. 4.1), as well as on the indoor registration benchmark
of 3DMatch [33] (Sect. 4.2). Each benchmark was compared against a wide range
of SOTA registration baselines. Our findings highlight UMERegRobust’s supe-
rior performance in most tested scenarios, particularly in extreme cases involv-
ing large rotations in outdoor settings, even under strict registration criteria.
Additionally, UMERegRobust demonstrated comparable results on the indoor
benchmark. Implementation details are introduced in the Supplementary.

4.1 Outdoor Registration Benchmarks: KITTI and NuScenes

Datasets. We follow the KITTI and nuScenes registration benchmarks as
suggested in [22], which includes challenging examples of LiDAR scans that
are at most 50m apart. Upon analyzing these benchmarks, we observed that
most registration problems involve small rotations (≤30◦). Therefore, we pro-
pose RotKITTI and RotnuScenes, registration benchmarks specifically designed
for scenarios with large real rotations (problems distributed uniformly within
[30◦, 180◦]). As shown in Fig. 1, scenarios with large rotations often exhibit sig-
nificant differences between point clouds due to major differences in their field of
view, causing partial overlap and sampling variations between the observations.
These types of scenarios are suitable for examining registration methods aimed
for loop closure in SLAM. RotKITTI and RotnuScenes are used solely for test-
ing. Additionally, we report results on the LoKITTI and LonuScenes registration
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benchmarks as defined in [22]. These benchmarks focus on low overlapped scans
(<30% overlap) and emphasize large translations with rare occurrences of large
rotations (contrary to RotKITTI and RotnuScenes, which include both large
rotations and low overlap). Additional details on RotKITTI and RotnuScenes
are in the Supplementary.

Metrics. We follow the standard evaluation metrics as defined in [6]. These
are Relative Rotation Error (RRE) and Relative Translation Error (RTE).
Our main evaluation metric is the Registration Recall (RR) that gather both
rotation and translation estimation performance and defined by: RR@(θ, d) =
1
N

∑N
n=1[RREn ≤ θ ∧ RTEn ≤ d] where [·] is the Iverson bracket. We define two

working points for the RR: Normal precision, RR@(1.5◦, 0.6m) and Strict pre-
cision, RR@(1◦, 0.1m). Evaluating registration performance with high precision
is crucial in various tasks, as explained in Sect. 1. (Additional details regarding
metrics are provided in the Supplementary).

Results. Table 1 compares various baseline methods on the KITTI and
nuScenes registration benchmarks. We report the registration Recall (RR) under
Normal precision (N.) and Strict precision (S.), with the best results in each col-
umn highlighted in bold and the second-best results underlined. On the regular
KITTI benchmark, our method achieves slightly better results under normal pre-
cision compared to the previous SOTA. However, under strict precision criteria,
we observe a performance gain of +9%.

In the case of RotKITTI, most of the compared methods show significant
deterioration, indicating a lack of robustness to rotations. In contrast, UMERe-
gRobust maintains high and stable performance across both the RotKITTI and
regular KITTI benchmarks. While GeoTransformer [24] achieves comparable
results to our method under normal precision, UMERegRobust outperforms Geo-
Transformer under strict precision with a notable gain of +23%. Additionally,
we observe a significant gain of +45% over the GCL [22] SOTA method. Figure 4

Table 1. Outdoor Registration Benchmarks - Registration Recall [%]

KITTI Benchmarks nuScenes Benchmarks

KITTI RotKITTI LoKITTI nuScenes RotnuScenes LonuScenes

Method N. S. N. S. N. S. N. S. N. S. N. S.

FCGF [6] 75.1 73.1 11.6 3.6 17.2 6.9 58.2 37.8 5.5 5.2 1.9 0.0

Predetor [17] 88.2 58.7 41.6 35.0 33.7 28.4 53.9 48.1 16.5 15.7 35.6 4.2

CoFiNet [31] 83.2 56.4 62.5 30.1 11.2 1.0 62.3 56.1 27.0 23.6 30.3 23.5

GeoTrans [24] 66.3 62.6 78.5 50.1 37.8 7.2 70.7 37.9 34.3 13.1 48.1 17.3

GCL [22] 93.9 78.6 40.1 28.8 72.3 26.9 82.0 67.5 21.0 19.6 62.3 5.6

Ours 94.3 87.8 81.1 73.3 59.3 30.2 85.5 76.0 51.9 39.7 70.8 56.3
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Table 2. 3DMatch Bench-
mark

Method IR [%] RR [%]

Lepard [21] 55.5 93.5

PEAL [32] 72.4 94.6

YOHO [27] 64.4 90.8

RoReg [28] 86.0 93.2

E2E [4] 53.0 91.2

FCGF [6] 56.8 85.1

Predator [17] 58.0 89.0

CoFiNet [31] 49.8 89.3

GeoTrans [24] 71.9 92.0

Ours 79.7 93.4

Table 3. Ablation Studies

Registration Recall [%]

SEM UME - Coloring KITTI RotKITTI

N. S. N. S.

✗ ✗ 79.8 67.3 17.5 13.1

✓ ✗ 81.9 68.1 17.5 12.5

✗ ✓ 90.3 74.9 74.4 66.2

✓ ✓ 94.3 87.7 81.0 73.2

✗ − 93.9 78.6 40.1 28.8

✓ − 84.4 81.4 49.6 48.4

showcases qualitative examples from the RotKITTI benchmark, highlighting
challenging scenarios of large rotations along with our registration results.

Regarding the LoKITTI benchmark, our method achieves the second-best
results under normal precision, while GCL maintains the best results. GCL’s
optimization for low overlap and large translations gives it an inherent advantage
on the LoKITTI benchmark compared to other methods. However, our method
performs better on low overlap and large rotations and still achieves comparable
results on low overlap and large translations, especially under strict precision.

For the nuScenes registration benchmarks, we observe an overall performance
degradation in RR values compared to KITTI. This can be attributed to the
low-density LiDAR used in the nuScenes dataset (32 beams) [3] compared to the
high-density LiDAR (64 beams) [13] in the KITTI dataset. Similar conclusions to
these observed on KITTI can be drawn from Table 1 regarding the nuScenes and
RotnuScenes benchmarks. However, for LonuScenes, UMERegRobust achieves
better results compared to GCL, particularly under strict precision. This can be
explained by the influence of the SEM, which has a more significant impact on the
low-density nuScenes dataset, particularly affecting the LonuScenes examples.

4.2 Indoor Registration Benchmark: 3DMatch

Dataset. We adhere to the 3DMatch registration benchmark as used in prior
studies [6,17,24]. The dataset comprises 48 scenes for training, 8 scenes for val-
idation, and 8 scenes for testing.

Metrics. The common metrics for the 3DMatch benchmark are Feature Match-
ing Recall (FMR), Inlier Ratio (IR), and Registration Recall (RR). FMR is not
reported in this work because it aims to predict method performance under
RANSAC, while our method is RANSAC-free. Therefore, we report both IR
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Fig. 4. Registration results using UMERegRobust. The red arrows depict the vehicle
direction at the time the LiDAR scans were acquired. The relative rotation between
point clouds (θ), and registration rotation and translation errors (RRE and RTE) are
given for each of the examples. Best viewed zoomed in. (Color figure online)

and RR, with the later as our primary metric. Additional information regarding
these metrics can be found in the supplementary material.

Results. Table 2 presents a comparison between UMERegRobust and vari-
ous baseline methods, including additional SOTA methods primarily evaluated
on indoor scenarios [4,21,27,28,32]. The 3DMatch benchmark shows saturated
results for recent methods, with our method achieving comparable results in
both the RR and IR metrics.

4.3 Ablation Studies

Table 3 presents ablation studies assessing the impact of various components
within the UME-compatible coloring module. Specifically, we examine the influ-
ence of the Sampling Equalizer Module (SEM), the training of the feature extrac-
tor using UME-compatible losses, and their combined effect. Models trained with
non-UME-compatible coloring use a contrastive loss, as described in [6]. Their
performance is compared to the performance obtained using the losses outlined in
Sect. 3.4. These properties are evaluated across two categories: the regular KITTI
benchmark and the RotKITTI benchmark, with registration recall reported for
both Normal precision (N.) and Strict precision (S.).

When the coloring is not enforced to be UME-compatible, a performance
degradation is observed across all categories and precision levels. However, when
the SEM is employed, a slight performance improvement is evident. Optimal
results are achieved when both UME-compatible coloring and the SEM are uti-
lized, highlighting the synergistic benefits of their combination for the UME
framework. An additional ablation study is depicted in the last two lines of
Table 3, where one of the baseline methods (in this case, GCL [22]) is used along
with the SEM. The SEM did not provide a performance gain for Normal precision
but did show some improvement on RotKITTI. Thus, the SEM’s contribution to
performance is not stand-alone; rather, its integration with the UME maximizes
their joint contribution.
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5 Conclusions

In this paper, we adopt the Universal Manifold Embedding framework for the
estimation of rigid transformations and extend it, so that it can accommodate
scenarios involving partial overlap and differently sampled point clouds. We
extend the UME framework by introducing a UME-compatible feature extrac-
tion method augmented with a unique UME contrastive loss and a sampling
equalizer. These components are integrated into a comprehensive and robust
registration pipeline, named UMERegRobust. UMERegRobust achieves better
than state-of-the-art performance on the KITTI benchmark, especially when
strict precision of (1◦, 10 cm) is considered, and notably outperform SOTA meth-
ods on the RotKITTI benchmark where scenarios involving large rotations are
considered. Although UMERegRobust outperforms SOTA methods, the perfor-
mance measures of UMERegRobust, while closing the gap, still require further
improvement in order to handle the considered difficult scenarios, with respect to
the strict performance measures required for actual deployment on autonomous
robots.
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