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Abstract—Point cloud rigid registration is a fundamental
problem in 3D computer vision. In the multiview case, we aim
to find a set of 6D poses to align a set of objects. Methods based
on pairwise registration rely on a subsequent synchronization
algorithm, which makes them poorly scalable with the number
of views. Generative approaches overcome this limitation, but
are based on Gaussian Mixture Models and use an Expectation-
Maximization algorithm. Hence, they are not well suited to handle
large transformations. Moreover, most existing methods cannot
handle high levels of degradations. In this paper, we introduce
POLAR (POint cloud LAtent Registration), a multiview regis-
tration method able to efficiently deal with a large number of
views, while being robust to a high level of degradations and
large initial angles. To achieve this, we transpose the registration
problem into the latent space of a pretrained autoencoder,
design a loss taking degradations into account, and develop an
efficient multistart optimization strategy. Our proposed method
significantly outperforms state-of-the-art approaches on synthetic
and real data. POLAR is available at github.com/pypolar/polar
or as a standalone package which can be installed with pip
install polaregistration.

Index Terms—Multiview point cloud registration, point cloud
reconstruction and restoration, latent space

I. INTRODUCTION

DOWNSTREAM tasks in 3D computer vision often in-
volve a rigid registration step [1]–[6], which consists

of determining 6D rigid transformations to align objects. In
the multiview context, the objective is to align a set of point
clouds, rather than just a pair. This paper focuses on object-
level registration, where each view represents the same object
and the objective is to reconstruct an accurate 3D model of
this reference [1], [7]. In particular, our primary goal is to
address the problem of data acquired in a microscopy modality
called SMLM (single molecule localization microscopy). The
challenge of registration with this data is that the views
have undergone a very high level of anisotropic noise and
outliers, and a moderate level of occlusions. This is in contrast
with scene-level applications, where the point clouds represent
fragments of a large-scale scene obtained with LIDAR or
RGB-D camera, with very low noise and outliers, but high
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occlusion levels. In what follows, we use the term degradation
to refer to the alteration of the shape of a point cloud due to
noise, occlusions or outliers.

Multiview registration methods can be classified into two
main categories. The first one, largely predominant, estimates
all the pairwise relative motions, and then runs a subsequent
synchronization algorithm to retrieve absolute poses from
all the relative ones [8]–[16]. This approach has three main
limitations: (i) it poorly scales with the number of views, as
it requires OpN2q registrations to retrieve N absolute poses,
in addition to the cost of the synchronization; (ii) all failed
pairwise registrations negatively impact the overall result;
(iii) each pairwise registration is performed independently,
without leveraging informations from other views. The second
family of methods is the generative approach: a template of
the reference object from which the views are observed is
estimated, and all the views are registered onto this template
[7], [17]–[24]. This is typically achieved by modeling the
template as a probability distribution using a Gaussian Mixture
Model (GMM), jointly estimated with the absolute poses using
an Expectation-Maximization (EM) algorithm. These genera-
tive approaches have the primary benefit of simultaneously
registering all point clouds, which mitigates the limitations of
the synchronization approach. However, they are only able to
converge to local minima, which limits their applicability to
refining poses of already coarsely aligned objects. Moreover,
they cannot benefit from the robustness and flexibility of point
cloud descriptors learned by neural networks. Hence, almost
all state-of-the-art multiview registration methods are currently
based on synchronization.

We propose to revitalize the generative approach by formu-
lating the multiview registration problem entirely in the latent
space of an autoencoder, which has been pretrained to recon-
struct clean views from degraded ones. The interest is fourfold:
(i) as a generative approach, it enables the simultaneous
registration of numerous views, (ii) the template is modeled by
a global latent vector learned by a deep neural network, which
arguably makes it more expressive than the usual mixture
of Gaussians, (iii) leveraging a global descriptor enables
correspondence-free registration, yielding more robustness to
noise and occlusion than conventional methods based on
feature matching, (iv) the latent space enables faster and more
scalable optimization than its ambient counterpart. Moreover,
we design a loss that takes degradations into account, such
that the estimated template is progressively restored during
the optimization. Finally, we propose an optimization scheme
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able to retrieve the global optimum from potentially many
local ones, which allows our method to handle arbitrarily large
transformations between the views to register.

We begin with a brief overview of existing registration
methods related to our work and their limitations in Sec. II.
In Sec. III, we describe our method, POLAR. In Sec. IV, we
provide a theoretical justification of the principle of POLAR.
Implementation details are provided in Sec. V. Extensive ex-
periments across many challenging scenarios on both synthetic
and real-world data are conducted in Sec. VI, empirically
demonstrating the benefits of our approach.

II. RELATED WORKS

We first introduce popular multiview registration methods,
either based on synchronization or on a generative framework
(Sec. II-A). We then focus on registration approaches that
remain pairwise but nonetheless address specific challenges
related to our work (Sec. II-B).

A. Multiview registration

Synchronization The main challenge of motion synchroniza-
tion is to limit the impact of pairwise registration failures.
Hence, many synchronization algorithms seek to achieve ro-
bust synchronization, by relying on convex relaxation [10],
[12]–[15], Iterative Reweighted Least Squares [8], [16], or
by operating on the quaternion or sep3q Lie algebras [9],
[11], [25]. Recently, some works have proposed to learn this
synchronization [26], [27] + [28]. In [29], the whole process
of pairwise registration and synchronization is learned end-to-
end.
Generative approach Existing generative methods all rely
on an EM algorithm, which is sensitive to initialization. The
primary differences among these methods lie in how they
model the reconstructed template onto which the objects are
registered. Most generative methods rely on GMMs to repre-
sent the probability distribution of the reference model onto
which the objects are registered [17]–[23]. Variants have been
proposed to enhance robustness, by considering normal vector
information with Hybrid mixture models [7], by handling
outliers with the Student’s t-mixture model [24] or Laplacian
model [30], or by performing fuzzy clustering [31], [32].

B. Pairwise registration

Correspondence-based registration The problem of regis-
tering a pair of objects is conventionally addressed through
a three-step process, possibly iterated until convergence is
achieved: (1) feature extraction, (2) feature matching, and
(3) transformation estimation. In its simplest form, features
correspond to point coordinates, matching is accomplished
through a nearest neighbor projection, and the rigid transfor-
mation is estimated from correspondences by SVD. This is
the ICP (Iterative Closest Point) algorithm [33], which has
given rise to numerous variants [34]. Each of these three
steps can be enhanced by deep learning algorithms. Numerous
methods have sought to learn descriptive features, with an
emphasis on rotation-invariant features [35]–[39] or additional

geometric properties [40]–[44]. The most recent ones leverage
a geometric Transformer network [37], [38], [44], [45], often
in a multi-scale coarse-to-fine approach [39], [44], [46]. Some
further learn the matching procedure [39], [44], [45], [47]–
[54], typically through a differentiable Sinkhorn algorithm.
Estimating the transformation from the established correspon-
dences is typically done through the RANSAC algorithm [55]
and its variants [56]–[61].
Correspondence-free registration A distinct category of
methods obviates the need for explicit feature matching by
characterizing a point cloud with a single global descriptor,
typically learned by a neural network [62]–[66]. This global
descriptor is anticipated to be more robust to noise, local shape
variations or repetitive patterns. However, methods based on
global descriptors have been restricted to local convergence
and can only be applied after a first step of coarse alignment.
Global convergence To overcome the sensitivity to local
minima, several works have developed global optimization
strategies, such as Branch-and-Bound [67] and graduated non-
convexity [68], [69], or designed richer descriptors to widen
the basins of convergence [70]–[72].
Registration in a latent space Methods that register objects
in a dedicated latent space can be traced back to pairwise
correlation-based methods that operate in the GMM latent
space: the source and target point clouds are both modeled
as GMMs and the optimization is performed by minimizing a
divergence (typically Kullback-Leibler) [17]–[19]. DeepGMR
[73] extends this idea by letting neural networks learn the
whole process. Some works proposed to use an autoencoder
to learn relevant features in an unsupervised manner [36],
[74] or even to register [64], [66], [75], [76], but remain non-
generative, and therefore pairwise.

III. METHOD

A. Notations
In what follows, ρX “ rρx1, . . . , ρxks P Rkˆ3 denotes

the element-wise application of a rigid motion ρ P SEp3q to
a point cloud X “ rx1, . . . ,xks P Rkˆ3. The use of bold
mathematical font indicates a stacking of previously defined
variables, whereas calligraphic font is strictly reserved for sets
whose elements are of varying sizes. For instance, A denotes a
stacking

“

A1 P Rk, . . . ,An P Rk
‰

P Rnˆk whereas A denotes
a set

␣

A1 P Rk1 , . . . ,An P Rkn
(

.

B. Problem formulation
Let us consider an unknown reference point cloud X‹

from which N views X “ tX1, . . . ,XNu are observed,
oriented by rigid motions ρ‹ “ rρ‹

1, . . . , ρ
‹
N s and corrupted

by degradations φi:

Xi “ φi pρ‹
iX

‹q , (1)

for i “ 1, . . . , N . Generative multiview registration aims to
jointly estimate the N rigid motions ρ‹ and the reference
point cloud X‹. To make the problem feasible, the goal is
to estimate a parametric model (typically a GMM in previous
works) from which the reference X‹ can be generated. Note
that there exist several solutions to this problem, corresponding
to all possible poses of X‹.
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Fig. 1. Overview of the proposed method. 1. Once and for all, before any
registration, an autoencoder is trained to reconstruct point clouds (Eq. (2)).
2. To register a set of views, an optimization problem is iteratively solved
within the learnt latent space (Eq. (11)).

C. Overview

We propose a two-phase method. First, an autoencoder is
trained to reconstruct point clouds, in order to learn a robust
global descriptor (Fig. 1.1). This step is performed once and
for all before registration, and the autoencoder does not need
to be trained again for new point cloud data. The training is
described in Sec. III-D. The actual registration is performed
in the second phase, by optimizing a cost function defined
in the latent space of the frozen autoencoder. We optimize
this loss not only with respect to the pose parameters of the
views, but also with respect to a latent vector that represents a
reconstructed clean point cloud object, on which the views are
registered. We describe our latent criterion in Sec. III-E. The
optimization scheme to minimize this criterion is described in
Sec. III-F.

D. Autoencoder pretraining

The fundamental component of POLAR is a pretrained
autoencoder that provides a global descriptor of a point cloud
in its latent space. Various architectures have been designed
to represent a point cloud through a global descriptor [48],
[74], [77]. As our approach is agnostic to the choice of the
autoencoder, we consider in this section an abstract definition,
and will present our specific implementation in Sec. V-A. The
general structure of an autoencoder is the composition of two
differentiable functions, an encoder e : Rkˆ3 ÞÑ Rl and a
decoder d : Rl ÞÑ Rkˆ3. We train these functions upstream
to reconstruct and restore a point cloud X degraded by a
function φ, i.e. to minimize dBC pd ˝ e ˝ φpXq,Xq where
dBC denotes the standard bidirectional Chamfer distance. For
P “ rp1, . . . ,pms P Rmˆ3 and Q “ rq1, . . . , qns P Rnˆ3,
dBC is defined as

dBC pP ,Qq “
1

m

m
ÿ

i“1

dNNppi,Qq `
1

n

n
ÿ

j“1

dNNpqj ,P q, (2)

where
dNNpp,Qq “ min

qPQ
∥p ´ q∥2 (3)

is the distance between p and its nearest neighbor in Q. Once
trained, this autoencoder is frozen, and the registration will be
performed in its latent space.

ed
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Fig. 2. Graphical illustration of the loss computation in POLAR. X “
␣

X1 P Rk1 , . . . ,XN P RkN
(

denotes the views to register. Zdata “

repX1q, . . . , epXN qs P RNˆl is the matrix of their encodings. P “ dpzq P

Rkˆ3 is the estimated template. V “ rρ1P , . . . , ρNP s P RNˆkˆ3 denotes
the views obtained by applying the estimated motions ρ to the estimated
template P . Finally, Z “ repρ1P q, . . . , epρNP qs P RNˆl is the matrix of
the latent vectors obtained by encoding these estimated views.

E. Registration loss in the latent space

a) Clean data: We first consider the case of data without
degradation. It follows from Eq. (1) that the registration task
reduces to finding X‹ and ρ‹ such that Xi “ ρ‹

iX
‹. Instead

of directly comparing the point clouds Xi and ρ‹
iX

‹, we
compare their latent representation. We seek X‹ and ρ‹ such
that epXiq “ epρ‹

iX
‹q. Furthermore, the template itself is

expressed through its latent representation: we estimate a latent
vector z such that after decoding, dpzq represents X‹. Thus,
the encoding of a view to register epXiq is compared with
the encoding of the reconstructed template dpzq, rigidly trans-
formed with the estimated pose ρi, which writes epρidpzqq.
Hence, the optimization problem to solve is

ẑ, ρ̂ “ argmin
z,ρ

L pz,ρq (4)

with

L pz,ρq “

N
ÿ

i

∥∥e pρidpzqq ´ epXiq
∥∥2
2
. (5)

A graphical model of the computation of this loss is presented
in Fig. 2.

POLAR can be viewed as the combination of generative and
deep correspondence-free approaches. It is generative because
it estimates a parameterized representation of the object X‹,
which brings the benefits of simultaneous registration of all the
point clouds. Since this parameterization is a global descriptor,
we also avoid the need for local correspondences. Furthermore,
this global descriptor is obtained from an autoencoder and thus
exhibits an increased robustness and modeling expressiveness,
in particular compared to the standard GMM representation.

The loss of Eq. (5) is designed for registration of non-
degraded point clouds. In the following paragraphs, we extend
this loss to handle anisotropic noise, partial visibility, and
outliers.



4

b) Anisotropic Noise: We first consider the case of
noisy data. We denote νi the function that randomly noises
each point of a cloud, under the i.i.d. assumption, such that
our degradation model is φipXq “ νipXq. We make no
hypothesis regarding the nature of this noise. In particular, it
can be anisotropic and different for each view. Using the loss
(5) in this case would lead to a noisy reconstruction dpzq that
would fit the noisy data Xi. Therefore, in order to enforce the
denoising of dpzq, we follow the generative model in Eq. (1)
and account for this noise by applying νi to the reconstructed
point cloud to create a noisy reconstruction. Thus, the loss (5)
becomes

L pz,ρq “

N
ÿ

i

∥∥e
`

νipρidpzqq
˘

´ epXiq
∥∥2
2
. (6)

Note that this loss is not deterministic. However, since one
realisation of noise is added to each point, when a cloud is
composed of a fairly high amount of points, the variability at
the shape scale remains low enough for the optimization to
converge.

c) Partial visibility: We now consider the case where
the views are partially occluded: some points of each view
are masked out. An illustration of this degradation can be
seen in Fig. 4a, where red points are occluded. Since the
template is estimated from many views, each occluded in a
unique way, it should be possible to reconstruct a complete
object. Therefore, some regions of the complete reconstructed
object ρidpzq will not have correspondences in the view Xi,
which introduces undesirable discrepancies in their encoding
epρidpzqq and epXiq and affects the computation of the loss
(5). To prevent this, we estimate the parts of ρidpzq missing in
Xi, in order to mask them in ρidpzq. We denote this masked
template as Mv

Xi
pρidpzqq, where v P r0, 1s is a parameter

representing the proportion of occluded points in the views.
The loss (5) thus becomes

L pz,ρq “

N
ÿ

i

∥∥e
`

Mv
Xi

pρidpzqq
˘

´ epXiq
∥∥2
2
. (7)

To compute the mask Mv
Xi

pρidpzqq, we leverage the vector
of nearest neighbor distances

DPÑQ “ rdNNpp1,Qq, . . . , dNNppm,Qqs (8)

where dNNppk,Qq is defined in Eq. (3). The elements of
the nearest neighbor distances DρidpzqÑXi

from the complete
reconstructed template ρidpzq to the observed occluded point
cloud Xi are illustrated in Fig. 3.b. In the absence of noise,
and assuming a perfect estimation of the pose, DρidpzqÑXi

is
zero for visible points of Xi and non zero for occluded ones.
Hence, DρidpzqÑXi

can be used to select the points to mask:
for a view Xi and assuming that the proportion of occluded
points v is known, the proportion v of elements of DρidpzqÑXi

with the highest values are considered as occluded points and
are masked.

d) Outliers: Finally, we now describe how we handle
the presence of outliers in the views. In Fig. 4b we show an
example of outliers on a view. In that case, we follow the
same reasoning as for occluded data. As we seek a template

ρid(z) Xi

(a) Clean

ρid(z) Xi

(b) Occlusion

ρid(z) Xi

(c) Outliers

Fig. 3. Schematic representation of nearest neighbor distances in three
scenarios. The estimated template in the i-th pose ρidpzq is translated away
from the corresponding view Xi for visualization purpose but should be seen
as superimposed, such that blue arrows denote null distances. (a) When the
two objects are identical, all distances are null. (b) In case of occlusion, the
distance from a point in the template to its nearest neighbor in the view is
non-zero if and only if this point is occluded in the view (red arrows). (c)
Similarly, the distance from a point in the view to its nearest neighbor in the
template is non-zero if and only if this point is not part of the template, i.e.
if and only if it is an outlier (red arrows).

ρidpzq without outliers, the outliers of the views Xi have
no correspondence in the template, and this will be reflected
in their encodings. Thus, we estimate parts of Xi missing
in ρidpzq and mask them before computing the loss. Let
Mo

ρidpzq
pXiq denotes the masked view, where o P r0, 1s is

a parameter representing the proportion of outliers in each
view. The loss with outliers handling writes

L pz,ρq “

N
ÿ

i

∥∥epρidpzqq ´ e
`

Mo
ρidpzq pXiq

˘
∥∥2
2
. (9)

As for occluded data, we compute the mask Mo
ρidpzq

pXiq us-
ing the vector of nearest neighbor distances. But here we com-
pute the distance from the view to the template DXiÑρidpzq.
Fig. 3.c illustrates the values of this vector without noise
and assuming perfect pose estimation: DXiÑρidpzq is zero
for inliers and non zero for outliers. Hence, assuming that
the outliers ratio o is known, a point x in Xi is masked if
its distance dNNpx, ρidpzqq is above the 1 ´ o percentile of
DXiÑρidpzq.

e) Combining degradations: In the previous sections, we
have presented how the loss (5) can be extended to take into
account three types of degradation separately. However, in real
scenarios, data to register can present any combination of these
degradations. If the views Xi are noised with a function νi, a
ratio 1 ´ v of each view is occluded, and there is a ratio o of
outliers points in each view, we use the loss

L pz,ρq “

N
ÿ

i

Li pz,ρq (10)

with

Li pz,ρq “

∥∥∥e
´

Mv
Xi

`

νipρidpzqq
˘

¯

´ e
`

Mo
νipρidpzqqpXiq

˘

∥∥∥
2

2
.

(11)
This approach allows us to incorporate prior knowledge of the
degradation model into the criterion.
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(a) (b)
Fig. 4. Visual results of the masking operations (Sec. III-E.c, Sec. III-E.d)
in case of occlusion and outliers. Red points in the template (a) and in the
view (b) will be discarded for the loss computation.

f) Regularization: We empirically found that when deal-
ing with highly degraded data, POLAR converges towards a
template in which the distribution of points across the surface
is not uniform: there are regions of high point density and
regions of low point density. To penalize this behaviour, we
add a regularization term that corresponds to the standard
deviation of local point density. Precisely, given a point cloud
X P Rkˆ3, let brpx,Xq be the number of points in X lying
inside the ball of center x and radius r (i.e. the number of
neighbors of x). The mean point density of the point cloud
X is

b̄rpXq “
1

k

ÿ

xPX

brpx,Xq (12)

and its variance is

σ2
br pXq “

1

k ´ 1

ÿ

xPX

`

brpx,Xq ´ b̄rpXq
˘2

. (13)

We define the regularization term Rpzq as

Rpzq “ σbr pdpzqq (14)

and the final loss optimized in POLAR is

Lf pz,ρq “ Lpz,ρq ` λRpzq (15)

where λ is a weighting hyperparameter.

F. Optimization procedure

We now describe how we minimize the criterion Lf in
Eq. (15). This optimization procedure is a hard task due to the
highly non-convex nature of the problem. This is a fundamen-
tal issue in registration algorithms: as real-world objects often
have symmetries or near-symmetries, discrepancy measures
exhibit several local minima. This is illustrated in Fig. 5 for
an airplane, where 2 minima exist, corresponding to a 180˝

rotation along its fuselage axis (Fig. 5). As gradient-based
optimization may be trapped in local minima, we design an
optimization procedure able to retrieve the global minimum
from potentially many local ones. Our approach employs a
multistart strategy, detailed in the following subsections. In
summary, we perform multiple gradient descents in parallel,
starting from various plausible initializations, aiming to span
all basins of attraction. These plausible starts are determined
by a coarse exhaustive search described in Sec. III-F.a. The
whole procedure is repeated until convergence.

Fig. 5. Landscape of the loss in Eq. (5) with respect to the two first Euler
angles (the loss is summed over the third Euler angle). The white crosses
are the results of the SOp3q local minima search (Sec. III-F). In the case of
an airplane, two minima coexist, corresponding to a 180˝ rotation along the
fuselage axis.

a) Finding LocAl Minima ovEr SOp3q (FLAMESq:
Before decribing our full optimization pipeline, we present a
novel necessary tool for finding local minima of the loss with
respect to the rotations only, that we name FLAMES. These
local minima are found by an exhaustive search over a uniform
sampling of L rotations in SOp3q denoted SOp3qL. Note that
obtaining such a sampling is a hard problem, which we tackle
using the Super Fibonacci spirals [78]. A k-neighborhood
graph is then defined in SOp3qL, using the relative angle, a
geodesic distance on the manifold of rotations:

= : SOp3q ˆ SOp3q ÞÑ r0, πs

R1,R2 ÞÑ arccos

˜

trpR1R
J
2 q ´ 1

2

¸

. (16)

This k-nn graph only depends on L and k and as such, can be
pre-computed once and for all. We fix the current estimation
of the template z. Thus, the terms Li pz,ρq Eq. (11) of the
criterion (10) become independent. For each view, we fix the
translation ti as well, and compute the criterion Li pz,ρq (11)
for each sampled rotation. If a rotation has the lowest cost in
its k-neighborhood, it is a local minimum for this view. An
example of loss landscape and local minima obtained with this
procedure in the case of an airplane is illustrated in Fig. 5.

b) Initialization: Given a matrix Zdata “ rz1, . . . ,zN s of
N latent vectors of views to register, the parameters to estimate
z and ρ are initialized as follows. The template zinit is set to
the medoid of the latent vectors Zdata, i.e. the latent vector
whose sum of dissimilarities to all the others is minimal:

zinit “ argmin
zPZdata

N
ÿ

i“1

∥z ´ zi∥2 (17)

The translations t are set to zeros since the views are centered
beforehand (cf . Sec. V-B). The rotations are initialized using
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the FLAMES procedure described above, taking the local
minimum of minimal cost for each view.

c) Joint gradient descent: The parameters z and ρ are
jointly updated to minimize the criterion (15) by gradient
descent, using the Adam algorithm [79] with decoupled weight
decay (AdamW) [80]. The implementation is based on Py-
Torch’s automatic differentiation engine [81].

d) Parallel multistart: Using the current estimation of z
and t, the FLAMES procedure is used to find the M best local
minima over the rotation sampling SOp3qL for each of the N
views. This results in N ¨ M initializations, from which as
many gradient descents are executed in parallel. In this step,
we only optimize the rigid motions ρ and keep the current
estimated template z fixed. Note that this amounts to no more
than N ¨M ¨6 parameters. Even when registering a large number
of views, this remains a relatively low-dimensional problem,
which allows us to run all the gradient descents in parallel.
After convergence, M new poses and losses are obtained for
each of the N views. First, we select the new pose of minimal
loss for each view. We note ρF “

“

ρF1 , . . . , ρ
F
N

‰

the obtained
new poses and LF

“
“

LF
1 , . . . ,L

F
N

‰

their corresponding
losses. Given the current poses ρ “ rρ1, . . . , ρN s and their
corresponding losses L “ rL1, . . . ,LN s, a new pose replaces
the current one if it has a lower loss. Formally, the update
function u writes

upρFi , ρiq “

#

ρFi if LF
i ď Li

ρi if LF
i ą Li.

(18)

e) Full procedure: After the first FLAMES and param-
eters initialization, the sequence (i) joint gradient descent, (ii)
FLAMES, (iii) parallel multistart is repeated until a stopping
criterion is met. To design this criterion, we detect if we have
escaped from a local minimum after the multistart step, right
before the update (18). This is achieved by verifying if a new
rotation is more than TR away from the current one and if its
loss is better than the current one. Let RF

“

”

RF
1 , . . . ,R

F
N

ı

and R “ rR1, . . . ,RN s denote the rotation part of the new
poses ρF and of the current ones ρ respectively. The function
s detecting an escape from a local minimum is defined as

spρFi , ρiq “

#

1 if LF
i ď Li and =

´

RF
i ,Ri

¯

ě TR

0 otherwise.
(19)

The full optimization procedure is executed until no escape is
detected, i.e. until

N
ÿ

i“1

spρFi , ρiq “ 0. (20)

The POLAR optimization scheme is summarized in Alg. 1.

IV. MOTIVATION

In this section, we interpret and motivate our model in (5)
from a differential geometry perspective.

The set of rigid motion SEp3q is endowed with a structure of
Lie group. This property involves that the orbit of a point cloud
X , denoted as OX “ tρX , ρ P SEp3qu, is a compact and
smooth manifold of dimension at most 6 [82]. In the absence

Data: Zdata “ epX q, SOp3qL
Result: ẑ, R̂, t̂
z Ð medoidpZdataq

t Ð 0
R Ð FLAMEStop 1pz, t,Zdata,SOp3qLq

while not converged do
z,R, t,L Ð joint gradient descentpz,R, t,Zdataq

RF
Ð FLAMEStop M pz, t,Zdata,SOp3qLq

ρF,LF
Ð multistartpz,RF, t,Zdata,Lq

n Ð
řN

i“1 spρF
i ,ρiq (19)

ρ Ð upρF,ρq (18)
if n “ 0 then

converged
end

end
ẑ, R̂, t̂ Ð joint gradient descentpz,R, t,Zdataq

Algorithm 1: POLAR optimization algorithm. The nota-
tion FLAMEStop k means that the k best local minima for
each view are selected following the FLAMES procedure
of Sec. III-F.

of degradation, the views to register would be a sampling of
the unknown template’s orbit OX‹ . In practice, data corruption
moves away the observed views Xi from the orbit OX‹ . Our
loss (5) is defined in the autoencoder’s latent space and it aims
at estimating epOX‹ q, where e pOXq “ tepρXq , ρ P SEp3qu

is the encoding of the orbit in the latent space. One interest
of performing the registration in the latent space is that the
encoder can be guided to produce a latent representation that
is robust to data corruption. Of course, the encoder is not
strictly invariant to degradation. Nevertheless, it is still robust
to a certain extent, such that epφpXqq should be closer to
epXq than φpXq is to X .

In order to enable efficient gradient-based optimization in
the latent space, it is crucial that epOXq preserves the manifold
structure of OX . Since the image of a manifold under an
embedding remains a manifold, it is sufficient for e to be
an embedding (an injective function whose differential is
injective). However, its smoothness is enough to ensure that
epOXq is ”almost” a smooth manifold thanks to the following
result [82], [83]:

Corollary of the Whitney embedding theorem Suppose Γ
is a compact smooth n-manifold with or without boundary.
If l ě 2n ` 1, then every smooth map from Γ to Rl can be
uniformly approximated by embeddings.

With Γ “ OX , this corollary asserts that the encoder e can
be uniformly approximated by an embedding (for any ε ą 0,
there exists an embedding g such that ∥g´e∥8 ă ε), provided
that e is a smooth function and the latent space has dimension
l ą 13. Thus, the set e pOXq is arbitrarily close to a manifold.

V. IMPLEMENTATION DETAILS

A. Autoencoder architecture and training

a) Architecture: We define our encoder as a simple
PointNet architecture [77] where we removed the T-net mod-
ule. Our decoder is an MLP that takes the global feature of
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PointNet as input and outputs a point cloud. Batch norm is
used for all layers with ReLU. DropOut layers are used for
the decoder. Note that while PointNet is theoretically able to
process point clouds of varying sizes, it is not trivial to come
up with an implementation that actually allows it. A naive
way would be to duplicate some points to pad each point
cloud so that the autoencoder receives inputs of a fixed size.
Unfortunately, the invariance to point duplication only holds
true in the absence of Batch Normalization layers. To fully
allow varying sizes without computational overhead while
maintaining the use of Batch Normalization layers, we employ
the message passing scheme from the torch geometric

library [84] for our implementation. Note that any other global
autoencoder could be integrated to POLAR.

b) Training: We train a single autoencoder once and for
all, and use it in all subsequent experiments, whether they
involve simulated or real data, and regardless of the degrada-
tions. Our autoencoder is trained on the full ModelNet40 [85]
training set. The training is performed for 200 epochs with the
AdamW [80] optimizer. The initial learning rate is 1e´3. The
learning rate is divided by a factor of 2 when the loss does
not improve for 10 consecutive epochs. We then process the
data as follows. First, basic pre-processing steps are applied:
1024 points are randomly sub-sampled (ModelNet is originally
composed of dense point clouds of 5000 points), centered, and
normalized to lie exactly in the unit sphere. Then, a random
pose is applied. To obtain an autoencoder able to reconstruct
objects in arbitrary poses, it is crucial to uniformly sample
SOp3q, without relying on a discretization. To achieve this,
we do not sample uniformly each Euler’s angle, as it does not
result in a uniform sampling over SOp3q. Instead, we leverage
the exponential map from the Lie algebra to the underlying
group SOp3q. We sample an axis k “ rkx, ky, kzs on the unit
sphere and an angle θ „ Up0, πq. The corresponding element
K of the Lie algebra is

K “

»

–

0 ´kz ky
kz 0 ´kx

´ky kx 0

fi

fl (21)

and its associated rotation R in SOp3q is

R “ I3 ` sin θK ` p1 ´ cos θqK2. (22)

Finally, degradations are applied with the following policy:
1) Jit: Add a centered multivariate Gaussian.
2) Plane Cut: Sample a plane normal, and retain points

close enough to this plane, so that a visibility ratio v
of the object is retained, with v „ Up0.7, 1q. [39], [86],
[87]

3) Center & Normalize: Center and scale to lie exactly
within the unit sphere.

On the standard ModelNet40 training set, the training takes
about 20mn on a single NVIDIA GeForce RTX 3090.

B. Data normalization for registration

While it is common to normalize point clouds by centering
and rescaling them to fit within a unit sphere, it is crucial for
rigid registration to apply the same scaling factor for each view

Anisotropic noise Crop Outliers

X1

X2

d(z)

Fig. 6. Visual results. First two rows: Degraded views to register. Last row:
Template obtained after the optimization of the criterion Lf (Eq. (15)) with
known visibility ratio r “ 0.2, outliers ratio o “ 0.3, and covariance matrix
Σ “ diagp0.03, 0.03, 0.15q. Each optimization is done for N “ 100 views
(2 of which are shown). For each degradation, the estimated template dpzq

has compensated for the degradation: it is complete, without outliers, and
denoised.

to be registered in order to ensure that point clouds maintain
their relative sizes. This is achieved by independently calcu-
lating the scaling factor for each view and then normalizing
them using the smallest previously calculated scaling factor.

C. Hyperparameter setting

For the k-nn graph over SOp3q, we sample L “ 5e4

rotations and use k “ 256 neighbors. The multistart step
considers the top M “ 8 minima per view, and TR is set
to 15˝ to detect escapes from local minima. The decoder
outputs clouds of 1024 points, and the latent space dimension
is l “ 1024. The regularization is done with balls of radius
0.1 and the loss weighting λ is set to 1e´2. Each gradient
descent is performed until the loss does not improve for 100
steps. The learning rate is 1e´2 at start, and is divided by 10
every time the loss doesn’t improve for 10 consecutive steps.

VI. EXPERIMENTS

A. Experimental protocol

a) Baselines: We compare POLAR with different classes
of methods: (i) non-learning-based methods, which can be
either pairwise, like FGR [69] and more recently MAC [88],
or based on a generative multiview paradigm, like JRMPC
[20] and EMPMR [23]; (ii) deep learning-based methods,
which are pairwise, namely PointNetLK [62], DCP [87], RPM-
Net [86], DeepGMR [73], or more recently GeoT [39] and
RoITr [38], with the exception of SGHR [16], a recent deep
learning based multiview method. For pairwise methods, we
use a synchronization algorithm to retrieve multiview absolute
poses. We selected the method described in [89], which we
empirically observed to provide the best results. It is based on
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an iterative reweighted least squares method coupled with a
message passing algorithm that estimates corruption levels.

b) Data: We use ModelNet40 [85], a comprehensive
CAD model repository of 4602 objects spanning 40 cate-
gories as the synthetic dataset of reference. We follow the
official training and validation split from [85]. Learning-
based methods, including POLAR’s autoencoder are trained
on this training set. Following the usual processing [39], [86],
symmetric classes are removed. All subsequent experiments
are conducted on the obtained validation set, considering 100
views for each registration task. Each view is obtained follow-
ing the preprocessing of Sec. V-A followed by the application
of a degradation. In all experiments involving degradations,
we suppose that their parameters are known (namely the noise
covariance matrix Σ, the visibility ratio v and the outliers ratio
o). The impact of fixing wrong values to these parameters is
moderate and will be studied in Sec. VI-C.c. Since POLAR is
tailored for object-level registration, motivated by the SMLM
application (registration of many severely noised versions of
an object), we do not consider scene-level datasets. POLAR
is not optimally suited for scene registration for two reasons.
First, in POLAR, the views are registered on an estimated
template, hence requiring a global latent vector to encode the
entire scene. Our autoencoder is able to accurately represent
single objects, but its representational capacity is not sufficient
to capture the details of large-scale scenes. Second, in POLAR,
the template is initialized with one of the views. This can
be problematic in large-scale scenes, where a single fragment
represents only a small portion of the complete scene. As
a result, the optimization is more likely to fall into a local
minimum. In contrast, at the object level, each view is an
occluded observation of the same complete object, leading to
a higher overlap with the template. In Sec. VI-D, we provide
results on challenging object-level real data, namely the Faust
partial dataset [90] and SMLM data [91].

c) Metrics: Regardless of the approach employed, a rigid
transformation is obtained for each point cloud, which enables
their alignment in a shared reference frame. Since the pose
in this frame can be arbitrary, we independently examine the
NpN ´ 1q{2 relative poses between the pairs of views. The
one related to Xi and Xj is computed from the estimated
and ground truth rotations, respectively R̂ and R‹ as θij “

=

´

R̂iR
‹
i , R̂jR

‹
j

¯

. This is usually called Relative Rotation
Error (RRE). In our experiments, we report the registration
success rate, often called Registration Recall (RR), defined
as the proportion of angles θij that are below a threshold.
We also show the cumulative distribution function (CDF)
of θij , which provides a complete view of the registration
performance, independent from the choice of a threshold (the
registration recall for one threshold t is a point of the CDF).
In particular, the CDF allows us to distinguish the notions of
accuracy, which corresponds to low values of θij and reflects
the quality of the alignment when the registration is successful,
and robustness, which corresponds to higher values of θij and
denotes the ability to obtain coarse successful registration in
challenging scenarios. In the context of global registration,
we are more interested in robustness, since accuracy can be

TABLE I
REGISTRATION RECALL (RR, t “ 10˝) EVOLUTION WITH INITIAL ANGLE.

GLOBAL METHODS ARE SHOWN IN BOLD.

METHOD θ ď π
4

θ P
“

π
4
, π
2

‰

θ P
“

π
2
, 3π

4

‰

θ P
“

3π
4
, π

‰

FGR 99.46 97.9 96.67 95.9
MAC 99.46 97.29 93.19 92
FMR 96.05 80.18 51.88 32
JRMPC 96.05 80.18 51.88 32
EMPMR 69.21 10.14 0.28 0
PNLK 76.57 31.56 3.68 0
DCP 71.53 24.73 8.16 3
RPM-NET 99.73 99.81 99.37 99
DEEPGMR 99.59 98.18 97.29 98
GEOTR 99.80 99.42 99.00 98.66
ROITR 100 100 100 100
SGHR 100 100 100 100
POLAR 100 100 100 100

achieved by subsequent refinement. Translation parameters are
not considered for evaluation because we observed that a
proper estimation of the rotation consistently leads to a proper
estimation of the translation.

B. Comparison with other methods

a) Ability to handle large transformations: We first study
the ability of selected methods to handle arbitrarily large
transformations. We use the ModelNet40 validation set, pre-
processed following the policy of Sec. V-A (which include a
uniformly random pose over the whole SOp3q group), without
degradation. Once N absolute poses have been estimated, the
RRE and initial angle are computed for each pair. Finally, the
RR is computed for four ranges of initial angles =

`

R‹
i ,R

‹
j

˘

:
ď 45˝, P r45˝, 90˝s , P r90˝, 135˝s , P r135˝, 180˝s. The results
are presented in Tab. I. Global methods are shown in bold.
As advertised, methods based on the EM algorithm (JMPRC
and EMPMR) can only converge locally. As for deep learning
based methods, PointNetLK is also local due to the use
of the Lucas Kanade algorithm. DCP relies on an SVD
algorithm to retrieve a transformation from correspondences
estimated through an attention map between pose variant
features, hence it remains local. In subsequent experiments,
these local methods are not considered. On the other hand,
FGR and MAC are almost global, even if for large angles
they may be fooled by near-symmetries, while RPM-Net,
DeepGMR, GeoT, RoITr, SGHR, and POLAR maintain near
perfect performances regardless of the initial angle.

b) Isotropic Noise: We then study the robustness of
these global methods to isotropic additive Gaussian noise. We
consider increasing levels of noise following N p0, σq with σ
ranging from 0 to 0.15. For one given noise level, each view
is uniquely degraded by adding noise. The Registration recall
is then computed for each level of noise (Fig. 7). Methods
purely based on local correspondences (FGR, MAC) struggle
to handle large noise levels and as such, we do not consider
them in further experiments. Even with their more robust
correspondences estimation mechanisms, RoITr and GeoT fail
due to the large local dissimilarity induced by strong noise.
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Fig. 7. Registration Recall evolution with noise standard deviation.

It should be noted that POLAR and SGHR exhibit a strong
robustness to isotropic noise.

c) Anisotropic Noise: A far harder degradation is the
case of anisotropic noise, as it deforms each view in a unique
way depending on its orientation. Two examples of such
views are shown in Fig. 6. This often occurs in microscopic
acquisition, in which the resolution in the microscope’s axis
is far lower than in its orthogonal plane. The greater the
anisotropy of resolution, the greater the deformation under-
gone by objects. We study the impact of this anisotropy factor
on registration performances, measured by the full Registration
Recall CDF, reported in Fig. 8. Under such a degradation,
views are no longer locally similar. Therefore, methods purely
based on local correspondences such as DeepGMR and RPM-
Net cannot handle such cases. When the anisotropy factor
and the noise level are relatively low, RoITr, GeoT, SGHR,
and POLAR obtain good performances (Fig. 8.a). With the
same noise level but a stronger anisotropy factor, performances
decrease and only POLAR maintains a high success rate
(Fig. 8.b). Similarly, with a relatively low anisotropy factor but
stronger base noise level, POLAR maintains a high success
rate when other methods performances drop (Fig. 8.c). An
example of template obtained by POLAR is shown in Fig. 6.b.
Compared to the input views, the reconstructed template is
denoised and the anisotropy is corrected. To conclude, SGHR,
RoITr and GeoT keep relatively good performances, as they
partially leverage global descriptors: in SGHR, YOHO [92]
features are processed by a NetVLAD [93] module, while
RoITr and GeoT gradually transforms local correspondences
in more global ones using an attention mechanism. However,
the POLAR approach obtains the best performances.

d) Varying noise level: To further study the ability of
POLAR to be robust to local shape variations, we first
consider the case of noisy data, with a different noise level
for each view. Specifically, each view is noised with an
isotropic Gaussian noise of variance σ „ U p0.01, 0.2q. The
results are shown in Fig. 9. Methods based on local cor-
respondences (DeepGMR, RPM-Net) are inherently limited,
whereas POLAR maintains robust performance. SGHR and
RoITr are partially based on global descriptors, hence they
keep decent performances in this scenario. This experiment
also highlights the benefit brought by the rotation-invariant
cross-frame position awareness of RoITr over GeoT.

e) Point density: Similarly, we study the case where the
views have different point densities. Specifically, the number
of point of a view is randomly sampled in U p205, 1024q. The

results are shown in Fig. 10. POLAR is almost invariant to
such degradation, and as for the varying noise level experi-
ment, it obtains the best performances, on par with SGHR,
closely followed by RoITr and GeoT, since they both partially
leverage global descriptors.

f) Partial visibility: Point cloud data often suffer from
partial occlusion. We study the case of data where a fixed ratio
of points has been cropped out for each view (two examples
are shown in Fig. 6). The results are shown in Fig. 11.
For high overlap, POLAR exhibits the best performance with
SGHR, thanks to our occlusion handling masking in the loss
(see Eq. (7)). The coarse-to-fine learnable Sinkhorn from
attention approach of RoITr and GeoT is the best algorithm
for low overlaps up to a certain extent, at the price of a far
greater computational complexity (studied in Sec. VI.h). For
even lower overlaps, SGHR is the best method, thanks to
its NetVLAD module, specifically designed to handle such
scenarios. These behaviors highlight specific design choices:
the sparse pose graph initialized from local correspondences
in SGHR is able to deal with very low overlaps as long as
views remain locally similar, whereas the global descriptor
of POLAR is suited to handle strong local dissimilarities, at
the price of impaired performances for low overlaps. Indeed,
the main limiting point of POLAR for low overlaps is the
initialization of the template with the medoid of the encoded
views (Eq. (17)), which gets increasingly incomplete with the
occlusion. An example of template reconstructed with POLAR
is shown in Fig. 6. Despite the missing parts of the cropped
view, the template is a complete plane.

g) Outliers: Finally, the last degradation considered is
the presence of outliers. We simulate outliers by sampling
points along a random curve starting from the object’s sur-
face, as can be seen on Fig. 6. This simulates the kind of
outliers observed in SMLM data (Sec. VI-D) and presents a
more challenging case compared to usual simulations such
as uniform sampling in the unit sphere, in which case outliers
could be segmented out by a dedicated method easily. POLAR
exhibits a strong robusteness to outliers, on par with that of
RoITr and GeoT (Fig. 12) which were specifically crafted to
handle wrong correspondences. SGHR performances decrease
gradually with the amount of outliers. DeepGMR and RPM-
Net are not robust to outliers at all. An example of template
obtained by POLAR is shown in Fig. 6. The template is free
from outliers.

h) Time efficiency: We study the scalability of registra-
tion methods with the number of views for the three best
performing methods. As pairwise methods leveraging big
Transformer networks and approximated optimal transport, the
computation cost of RoITr and GeoT increases very rapidly
with the number of views. SGHR is also pairwise, but the
NetVLAD module estimates the highest overlaps, and only
the resulting subset of pairwise registrations is computed,
thereby enhancing scalability. As a generative approach, PO-
LAR scales linearly with the number of views, and yields the
lowest computation cost.

C. Study of POLAR
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Fig. 8. Cumulative distribution function of the registration recall for three anisotropic noises. (a) Low noise, low anisotropy. (b) Low noise, high anisotropy.
(c) High noise, low anisotropy.
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Fig. 9. Cumulative distribution function of registration recall when registering
views degraded by a varying noise level (σ „ U p0.01, 0.2q).
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Fig. 10. Cumulative distribution function of registration recall when regis-
tering views with varying point density (n „ U p205, 1024q). The curve of
SGHR is not visible because it is superimposed on the POLAR curve.

a) Number of views: We study the impact of the number
of views on the registration performances. We generate 100
views combining three degradations (20% of outliers, 20% of
occlusion, isotropic noise of standard deviation 0.02). POLAR
is optimized on the first n views, with n in t5, 10, 25, 50, 50u.
The results are shown on Fig. 14. Performances gradually
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Fig. 11. Evolution of the registration recall with the visibility ratio.

0.2 0.4 0.6

0

0.25

0.5

0.75

1

Outliers ratio
R
eg
is
tr
at
io
n
R
ec
al
l

POLAR

SGHR

DeepGMR

RPM-Net

RoITr

GeoT

Fig. 12. Evolution of the registration recall with the outliers ratio.
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Fig. 13. Evolution of the computation time with the number of views.

increase with the number of views. POLAR benefits from an
increasing number of views since it allows the template to be
more accurately estimated. This is illustraded in Fig. 15 where
the estimated template for n “ 5 (Fig. 15a) and n “ 100
(Fig. 15b) are displayed. In the latter case, the reconstruction
is complete and more precise.
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Fig. 14. Evolution of the registration recall of POLAR with the number of
views to register.
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(a) (b)
Fig. 15. Visual comparison of template reconstructed by POLAR from data
combining the three degradations with (a) 5 and (b) 100 views.

b) Ablation studies: We now study the impact of two
components of the criterion (15): the regularization, and the
degradation model. The full version of the criterion, i.e. the
standard POLAR algorithm using the loss (15), is named
degraded + regularized. In order to examine the influence
of the regularization term, we set λ “ 0 in (15), obtaining
the degraded version. We study a third version of POLAR
that we name regularized, by keeping the regularization term
but replacing in (15) the degraded criterion Lpz,ρq by its
basic version (5). These three variations of the optimization
criterion are compared on data corrupted by the three types of
degradation considered: anisotropic noise (Fig. 16.a), occlu-
sion (Fig. 16.b), and outliers (Fig. 16.c). We observe that the
regularization has no impact from a pure registration perfor-
mance perspective. It should be noted though, that obtained
templates with regularization are visually more appealing to
a human eye. For each of the addressed degradation, while
the basic latent approach already brings decent performance,
the degraded version of the criterion greatly enhances the
algorithm’s robustness.

c) Robustness to visibility and outlier ratios: For the
anisotropic case (Fig. 16.a), the noise properties must be
known. These properties can often be estimated separately,
which is notably the case on SMLM data studied in Sec. VI-D.
However, estimating the ratio of outliers and occlusion is more
difficult and limiting in practice. To evaluate the sensitivity of
POLAR to these ratios, we study the impact of wrong ratio
values on the registration performances.

Specifically, we consider two cases: data with 20% cropped
out (Fig. 17.a), and data with „ 50% of outliers (Fig. 17.b).
We then run several registrations using varying values for
the visibility ratio v and the outliers ratio o. In both cases,
a rough estimate of the ground truth ratio does not severely
impact performances, and slightly underestimating the level of
degradation improves results. This proves that POLAR is us-
able even when the visibility and outliers ratios are unknown,
making it suitable for application where the degradation model
is unknown. Moreover, an extension of the present method
could consist in estimating this degradation model alongside
the registration task.

D. Real Data

a) Realistic occlusion with FAUST-partial: We now
study the registration performances on data from the FAUST-

partial dataset [90]. FAUST-partial is comprised of 100 human
body scans. Realistic occlusions are generated by applying the
hidden point removal algorithm on icosahedron points around
each scan. On these data, each view has a specific visibility
ratio. Thus, we select a subset of views from which this ratio is
in r0.7, 1s and run POLAR with a fixed ratio of 0.9, which in
most cases slightly underestimates the degradation, following
the results from Fig. 17.b. POLAR is the best method in that
case (Fig. 18). Note that this also highlights the generalization
capability of POLAR. Indeed, the shapes here are unknown
to the autoencoder. Hence, reconstructed templates are less
precise. Nonetheless, the estimated poses are still correct.

b) Highly degraded SMLM data: We use data obtained
with direct optical reconstruction microscopy (dStorm) [91],
combined with expansion microscopy. The data has been
acquired in the group of Markus Sauer in University of
Würzburg. It is composed of nine identical particles called
centrioles, observed from different views. This is the most
challenging dataset, as each view is heavily corrupted with
strong anisotropic noise, outliers, missing parts. The SMLM
acquisition process provides point clouds with a known 3D
uncertainty Σ. The resolution along the microscope axis (z
in Fig. 19a) is much worse than in the orthogonal plane,
which induces a large deformation of the object in the XZ
and YZ planes. The shape of a centriole can be coarsely
approximated by a cylinder. Hence, when it is aligned with
the microscope axis, the cylinder shape is clearly visible (blue
particle in Fig. 19b) whereas other orientations result in a loss
of this characteristic shape due to the anisotropy of resolution.
The centriole is often attached to tubular structure called
microtubules, which can be considered as outliers (see the
yellow particle in Fig. 19b). Finally, SMLM data are usually
corrupted by a high level of partial visibility, since each point
corresponds to the fluorescent emission of a fluorophore, and
the fluorophores do not cover uniformly the surface of the
particle. Hence, this modality combines a high level of each
of the three degradations addressed by POLAR. In Fig. 19a,
we show the whole set of nine centrioles, alongside POLAR
results. Then in Fig. 19b, for the sake of clarity, we select
a subset of three particles to visually compare all methods.
Among all the tested methods, POLAR is the only one able
to correctly register centrioles.

VII. CONCLUSION

We introduced Point Cloud Latent Registration (POLAR),
an algorithm designed to simultaneously estimate a set of rigid
motions that align numerous severely degraded views. POLAR
integrates a global descriptor derived from a pretrained au-
toencoder, a global optimization framework, and an informed
criterion taking degradations into account. By combining these
elements, POLAR demonstrates state-of-the-art performance
on both synthetic and real-world datasets that are significantly
affected by anisotropic noise, partial visibility, and outliers.
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[90] D. Bojanić, K. Bartol, J. Forest, T. Petković, and T. Pribanić, “Addressing
the generalization of 3d registration methods with a featureless baseline
and an unbiased benchmark,” Machine Vision and Applications, 2024.
8, 11, 12

[91] M. Heilemann, S. V. D. Linde, M. SchuÅNttpelz, R. Kasper, B. Seefeldt,
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