DeepGMR: Learning Latent (Gaussian Mixture
Models for Registration

Wentao Yuan'* Ben Eckart? Kihwan Kim?
Varun Jampani? Dieter Fox'?  Jan Kautz?

L University of Washington
> NVIDIA

Pose-Invariant GMM
Correspondences Pose-Equivariant

o Latent GMM
» \ &
% g

/ % i
b1 Inferred

- Alignment

Input Point Clouds

Fig. 1. DeepGMR aligns point clouds with arbitrary poses by predicting pose-invariant
point correspondences to a learned latent Gaussian Mixture Model (GMM) distribution.

Abstract. Point cloud registration is a fundamental problem in 3D com-
puter vision, graphics and robotics. For the last few decades, existing regis-
tration algorithms have struggled in situations with large transformations,
noise, and time constraints. In this paper, we introduce Deep Gaussian
Mixture Registration (DeepGMR), the first learning-based registration
method that explicitly leverages a probabilistic registration paradigm
by formulating registration as the minimization of KL-divergence be-
tween two probability distributions modeled as mixtures of Gaussians.
We design a neural network that extracts pose-invariant correspondences
between raw point clouds and Gaussian Mixture Model (GMM) param-
eters and two differentiable compute blocks that recover the optimal
transformation from matched GMM parameters. This construction allows
the network learn an SE(3)-invariant feature space, producing a global
registration method that is real-time, generalizable, and robust to noise.
Across synthetic and real-world data, our proposed method shows favor-
able performance when compared with state-of-the-art geometry-based
and learning-based registration methods.

Keywords: Point cloud registration, Gaussian Mixture Model

1 Introduction

The development of 3D range sensors [2] has generated a massive amount of 3D
data, which often takes the form of point clouds. The problem of assimilating
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raw point cloud data into a coherent world model is crucial in a wide range of
vision, graphics and robotics applications. A core step in the creation of a world
model is point cloud registration, the task of finding the transformation that
aligns input point clouds into a common coordinate frame.

As a longstanding problem in computer vision and graphics, there is a large
body of prior works on point cloud registration [30]. However, the majority
of registration methods rely solely on matching local geometry and do not
leverage learned features capturing large-scale shape information. As a result,
such registration methods are often local, which means they cannot handle large
transformations without good initialization. In contrast, a method is said to be
global if its output is invariant to initial poses. Several works have investigated
global registration. However, they are either too slow for real-time processing
[47,5] or require good normal estimation to reach acceptable accuracy [48]. In
many applications, such as re-localization and pose estimation, an accurate, fast,
and robust global registration method is desirable.

The major difficulty of global registration lies in data association, since ICP-
style correspondences based on Euclidean distances are no longer reliable. Existing
registration methods provide several strategies for performing data association
(see Fig. 2), but each of these prove problematic for global registration on noisy
point clouds. Given point clouds of size N, DCP [42] attempts to perform point-
to-point level matching like in ICP (Fig. 2a) over all N? point pairs, which
suffers from O(N?2) complexity. In addition, real-world point clouds don’t contain
exact point-level correspondences due to sensor noise. FGR [48] performs sparse
feature-level correspondences that can be much more efficient (Fig. 2b), but are
highly dependent on the quality of features. For example, the FPFH features used
in [48] rely on consistent normal estimation, which is difficult to obtain in practice
due to varying sparsity or non-rectilinear geometry [41]. Moreover, these sparse
correspondences are still point-level and suffer the same problem when exact point-
level correspondences don’t exist. To solve this problem, one can use probabilistic
methods to perform distribution-to-distribution matching (Fig. 2c¢). However, the
distribution parameters are not guaranteed to be consistent across different views
due to the well-known problem of Gaussian Mixture non-indenti ability [4]. Thus,
probabilistic algorithms like HGMR, [15] have only local convergence and rely on
iterative techniques to update and refine point-to-distribution correspondences.

In this paper, we introduce a novel registration method that is designed
to overcome these limitations by learning pose-invariant point-to-distribution
parameter correspondences (Fig. 2d). Rather than depending on point-to-point
correspondence [42] and iterative optimization [1], we solve for the optimal
transformation in a single step by matching points to a probability distribution
whose parameters are estimated by a neural network from the input point clouds.
Our formulation is inspired by prior works on Gaussian mixture registration [15,
24], but different from these works in two ways. First, our method does not involve
expensive iterative procedures such as Expectation Maximization (EM) [12].
Second, our network is designed to learn a consistent GMM representation across
multiple point clouds rather than fit a GMM to a single reference point cloud.
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(a) Point Matching (ICP [3], DCP[42])

(C) Distribution Matching (HGMR [15]) (d) Direct Latent Correspondence (Proposed)

Fig. 2. Comparison of data association techniques in various registration approaches.
Unlike previous approaches that attempt to find point-to-point, feature-to-feature, or
distribution-to-distribution level correspondences, we learn direct and pose-invariant
correspondences to a distribution inside a learned latent space.

Our proposed method has the following favorable properties:

Global Registration Point clouds can be aligned with arbitrary displacements
and without any initialization. While being accurate on its own, our method can
work together with local refinement methods to achieve higher accuracy.

E ciency The proposed method runs on the order of 20-50 frames per second
with moderate memory usage that grows linearly with the number of points,
making it suitable for applications with limited computational resources.

Robustness Due to its probabilistic formulation, our method is tolerant to noise
and different sizes of input point clouds, and recovers the correct transformation
even in the absence of exact point-pair correspondences, making it suitable for
real-world scenarios.

Di erentiability Our method is fully differentiable and the gradients can be
obtained with a single backward pass. It can be included as a component of a
larger optimization procedure that requires gradients.

We demonstrate the advantages of our method over the state-of-the-art on
several kinds of challenging data. The baselines consist of both recent geometry-
based methods as well as learning-based methods. Our datasets contain large
transformations, noise, and real-world scene-level point clouds, which we show
cause problems for many state-of-the-art methods. Through its connection to
Gaussian mixture registration and novel learning-based design, our proposed
method performs well even in these challenging settings.
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2 Related Work

Point cloud registration has remained a popular research area for many years
due to its challenging nature and common presence as an important component
of many 3D perception applications. Here we broadly categorize prior work into
local and global techniques, and discuss how emerging learning-based methods fit
into these categories.

Local Registration Local approaches are often highly efficient and can be highly
effective if limited to regimes where transformations are known a priori to be
small in magnitude. The most well-known approach is the Iterative Closest Point
(ICP) algorithm [3, 8] and its many variants [33, 34]. ICP iteratively alternates
between two phases: point-to-point correspondence and distance minimization.
Countless strategies have been proposed for handling outliers and noise [9],
creating robust minimizers [18], or devising better distance metrics [26, 35].

Another branch of work on local methods concerns probabilistic registration,
often via the use of GMMs and the EM algorithm [12]. Traditional examples
include EM-ICP [20], GMMReg [24], and methods based on the Normal Dis-
tributions Transform (NDT [36]). More recent examples offer features such as
batch registration (JRMPC [16]) or robustness to density variance and viewing
angle (DARE [23]). Other recent approaches have focused on efficiency, including
filter-based methods [19], GPU-accelerated hierarchical methods [15], Monte
Carlo methods [13] or efficient distribution-matching techniques [38].

In our experiments, we compare our algorithm against local methods belonging
to both paradigms: the Trimmed ICP algorithm with point-to-plane minimiza-
tion [26,9] and Hierarchical Gaussian Mixture Registration (HGMR) [15], a
state-of-the-art probabilistic method.

Global Registration Unlike local methods, global methods are invariant to
initial conditions, but often at the cost of efficiency. Some approaches exhaus-
tively search SE(3) via branch-and-bound techniques (Go-ICP [47], GOGMA [5]
and GOSMA [6]). Other approaches use local feature matching with robust
optimization techniques such as RANSAC [17] or semidefinite programming [46].

One notable exception to the general rule that global methods must be
inefficient is Fast Global Registration (FGR) [48], which achieves invariance to
initial pose while remaining as fast or faster than many local methods. We compare
against FGR [48], RANSAC [17] and TEASER++ [46] in our experiments as
representatives of state-of-the-art geometry-based global methods.
Learning-based Registration Deep learning techniques on point clouds such
as [31,32,37,44] provide task-specific learned point representations that can
be leveraged for robust point cloud registration. PointNetLK [1], DCP [42] and
PRNet [43] are the closest-related registration methods to ours. PointNetLK [1]
proposes a differentiable Lucas-Kanade algorithm [27] that tries to minimize
the feature distance between point clouds. DCP [42] proposes attention-based
feature matching coupled with differentiable SVD for point-to-point registration,
while PRNet [43] uses neural networks to detect keypoints followed by SVD for
final registration. However, as we show in our experiments, due to their iterative
nature, PointNetLK and PRNet are local methods that do not converge under
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large transformations. While DCP is a global method, it performs point-to-point
correspondence which suffers on noisy point clouds.

Our proposed approach can be characterized as a global method, as well as
the first learning-based, probabilistic registration method. To further emphasize
the difference of our approach in the context of data association and matching,
refer to the visual illustrations of various correspondence strategies in Fig. 2.

3 GMM-Based Point Cloud Registration

Before describing our approach, we will briefly review the basics of the Gaussian
Mixture Model (GMM) and how it offers a maximum likelihood (MLE) framework
for finding optimal alignment between point clouds, which can be solved using the
Expectation Maximization (EM) algorithm [15]. We then discuss the strengths
and limitations of this framework and motivate the need for learned GMMs.

A GMM establishes a multimodal generative probability distribution over 3D
space (X 2 R?) as a weighted sum of J Gaussian distributions,

- def H . .
p(xj )= NG 50 5 (1)
j=1
P . . o
where j i=1 GMM parameters  comprise J triplets ( ;; ;i ), where ;
is a scalar mixture weight, ;isa3 1 mean vector and ;isa3 3 covariance
matrix of the j-th component.
Given point clouds P;P and the space of permitted GMM parameterizations
X, we can formulate the registration from P to P as a two-step optimization
problem,

Fitting: =argmaxp(Pj ) (2)
2X
Registration: T = argmaxp(T(P)j ) 3)
T2SE(3)

where SE(3) is the space of 3D rigid transformations. The fitting step fits a GMM
to the target point cloud P, while the registration step finds the optimal
transformation T that aligns the source point cloud P to
Note that both steps maximize the likelihood of a point cloud under a GMM,
but with respect to different parameters. In general, directly maximizing the
likelihood p is intractable. However, one can use EM to maximize a lower bound
on p by introducing a set of latent correspondence variables C. EM iterates
between E-step and M-step until convergence. At each iteration K, the E-step
updates the lower bound q to the posterior over C given a guess of the parameters
(%) and the M-step updates the parameters by maximizing the expected joint
likelihood under . As an example, the EM updates for the fitting step (Eq. 2)
are as follows.

E :qC):=pCjP; ®) (4)
M ®D o argmax E,[Inp(P;Cj )] (5)
2X
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The key for EM is the introduction of latent correspondences C. Given a point
cloud P = fp,gl¥, and a GMM  ® =F ,; 5 jg;’:h C comprises NJ binary

latent variables fCijngjil’l whose posterior factors can be calculated as

N (P 55 .
(k)) — PJ J ( J- ]_) : (6)
j=1 #N(pid 5 )

which can be seen as a kind of softmax over the squared Mahalanobis distances
from p; to each component center ;. Intuitively, if p; is closer to ; relative to
the other components, then ¢;; is more likely to be 1.

The introduction of C makes the joint likelihood in the M-step (Eq. 5)

p(Cij = 1] pis

factorizable, leading to a closed-form solution for ~ (*+1) = £ ivogv 97— Let
i = Ey[ci;]. The solution for Eq. 5 can be written as
| X x
iTN ij N, ;= ijPi 5 (7,8)
i=1 i=1
X >
N, ;= g P ) 9)
i=1

Likewise, the registration step (Eq. 3) can be solved with another EM proce-
dure optimizing over the transformation parameters T.

Er: q(C):=pCjT®(P); ) (10)
Mrp: TEHD .= argmax E,[ln p(T(P);Cj )] (11)
T25E(3)

Many registration algorithms [23, 19,15, 28, 22, 20, 14] can be viewed as varia-
tions of the general formulation described above. Compared to methods using
point-to-point matches [8, 35, 18,42], this formulation provides a systematic way
of dealing with noise and outliers using probabilistic models and is fully differen-
tiable. However, the iterative EM procedure makes it much more computationally
expensive. Moreover, when the transformation is large, the EM procedure in
Eq. 10,11 often gets stuck in local minima. This is because Eq. 6 used in the
E Step performs point-to-cluster correspondence based on locality, i.e. a point
likely belongs to a component if it is close to the component’s center, which leads
to spurious data association between P and when T is large. In the following
section, we show how our proposed method solves the data association problem
by learning pose-invariant point-to-GMM correspondences via a neural network.
By doing so, we also remove the need for an iterative matching procedure.

4 DeepGMR

In this section, we give an overview of Deep Gaussian Mixture Registration (Deep-
GMR) (Fig. 3), the first registration method that integrates GMM registration
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Fig. 3. Given two point clouds P and P, DeepGMR estimates the optimal transforma-
tion T that registers P to P and optionally the inverse transformation T. DeepGMR has
three major components: a learnable permutation-invariant point network fy (Sec. 4.1)
that estimates point-to-component correspondences and two differentiable compute
blocks Me (Sec. 4.2) and Mt (Sec. 4.3) that compute the GMM parameters @ and
transformation T in closed-form. We backpropagate a mean-squared loss through the
differentiable compute blocks to learn the parameters of Fy.

with neural networks. DeepGMR features a correspondence network (Sec. 4.1)
and two differentiable computing blocks (Sec. 4.2, 4.3) analogous to the two
EM procedures described in Sec. 3. The key idea is to replace the E-step with a
correspondence network, which leads to consistent data association under large
transformations, overcoming the weakness of conventional GMM registration.

4.1 Correspondence Network f

The correspondence network fy, takes in a point cloud with N points, P = fp.g,,
ora setlgf pre-computed features per point and producesa N J matrix =

where ;.]:1 ij = 1 for all i. Each ;; represents the latent correspondence
probability between point p; and component j of the latent GMM.

Essentially, the correspondence network replaces the E-step of a traditional
EM approach reviewed in Sec. 3. In other words, f, induces a distribution gy,
over latent correspondences (Eq. 4). Importantly, however, the learned latent
correspondence matrix  does not rely on Mahalanobis distances as in Eq. 6. This
relaxation has several advantages. First, the GMMs generated by our network
can deviate from the maximum likelihood estimate if it improves the performance
of the downstream task. Second, by offloading the computation of to a deep
neural network, higher-level contextual information can be learned in a data-
driven fashion in order to produce robust non-local association predictions. Third,
since the heavy lifting of finding the appropriate association is left to the neural
network, only a single iteration is needed.

Finally, under this framework, the computation of can be viewed as a
J-class point classification problem. As a result, we can leverage existing point
cloud segmentation networks as our backbone.
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4.2 M Compute Block

Given the outputs  of f,, together with the point coordinates P, we can compute
the GMM parameters  in closed form according to Eq. 7,8, and 9. Since these
equations are weighted combinations of the point coordinates, the estimated
GMM must overlap with the input point cloud spatially, providing an effective
inductive bias for learning a stable representation. We refer to the parameter-free
compute block that implements the conversion from ( ;P) ¥ as M

In order to have a closed-form solution for the optimal transformation
(Sec. 4.3), we choose the covariances to be isotropic, i.e., ; =diag([ 7; 7; 7).
This requires a slight modification of Eq. 9, replacing the outer product to inner
product. The number of Gaussian components J remains fixed during training
and testing. We choose J = 16 in our experiments based on ablation study results
(refer to the supplement for details). Note that J is much smaller than the number
of points, which is important for time and memory efficiency (Sec. 5.3).

4.3 M+ Compute Block

In this section, we show how to obtain the optimal transformation in closed form
given the GMM parameters estimated by M . We refer to this parameter-free
compute block that implements the computation from ( ; ; A) T as M.

We denote the source point cloud as P = fP;g and the target point cloud as
P = fp;g. The estimated source and target GMMs are denoted as = ("5 A)
and = ( ; ; ). The latent association matrix for source and target are
" =fgand =T ;;g. We use T() to denote the transformation from the
source to the target, consisting of rotation R and translation t (i.e., T 2 SE(3)).

The maximum likelihood objective of M+ is to minimize the KL-divergence
between the transformed latent source distribution T ( A) and the latent target
distribution |

T :argT{nithL(T( )i o) (12)

It can be shown that under general assumptions, the minimization in Eq. (12)
is equivalent to maximizing the log likelihood of the transformed source point
cloud T (P) under the target distribution

X X
T =argmax In MNT®DT 4 ) (13)
T

i=1  j=1
Thus, Equations 12-13 conform to the generalized registration objective outlined
in Sec. 3, Eq. 11. We leave the proof to the supplement.

To eliminate the sum within the log function, we employ the same trick as in
the EM algorithm. By introducing a set of latent variables C = fc;;g denoting the
association of the transformed source point T (p;) with component j of the target
GMM | we can form a lower bound over the log likelihood as the expectation



DeepGMR: Learning Latent Gaussian Mixture Models for Registration 9

of the joint log likelihood Inp(T (P);C) with respect to some distribution qy over
C, where are the parameters of the correspondence network

T =argmaxE,,[Inp(T(P);Cj )] (14)
T
X X _
= argmax Eg, [Cis]InN(T(0s) ] 55 ) (15)
i=1j=1

Note that we parametrize q with the correspondence network Ty, instead of setting
g as the posterior based on Mahalanobis distances (Eq. 6). In other words, we
use T, to replace the Er step in Eq. 10. Specifically, we set E,, [ci;] = "i; and
rewrite Eq. (15) equivalently as the solution to the following minimization,

X X
T = argmin " KT (93) K2 ; (16)
T

i=1 j=1
where K k ; denote the Mahalanobis distance.

The objective in Eq. (16) contains NJ pairs of distances which can be
expensive to optimize when N is large. However, we observe that the output of
M (i.e., using Egs. 7,8, and 9), with respect to P and ", allows us to simplify
this minimization to a single sum consisting only of the latent parameters " and

. This reduction to a single sum can be seen as a form of barycentric coordinate
transformation where only the barycenters’ contributions vary with respect to
the transformation. Similar types of reasoning and derivations can be found in
previous works using GMMs [20, 14] (see the supplement for further details). The
final objective ends up with only J pairs of distances, which saves a significant
amount of computation. Furthermore, by using isotropic covariances in M | the
objective simplifies from Mahalanobis distances to weighted Euclidean distances,

X~
T =argmin  —3KT(")) ;K2 (17)
T =1
Note that Eq. 17 implies a correspondence between components in the source
GMM  and the target GMM ". Such a correspondence does not naturally
emerge from two independently estimated GMMs (Fig. 2c). However, by repre-
senting the point-to-component correspondence between P and ~ and between
T (Fs) and  with the same matrix, an implicit component-to-component cor-
respondence between  and " is enforced, which reduces the alignment of point
clouds to the alignment of component centroids (weighted by the covariances).
From Eq. 17, we can solve T in closed-form using a weighted version of the
SVD solution in [40] (refer to the supplement for more detail). Note that our
formulation is fundamentally different from previous learning-based approaches
such as DCP [42] that use the SVD solver on point-to-point matches. We use a
rigorous probabilistic framework to reduce the registration problem to matching
latent Gaussian components, which has dimension J that is usually orders of
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magnitude smaller than the number of points N (in our experiments, J = 16 and
N = 1024). Our formulation is not only much more efficient (SVD has complexity
O(d®) on ad d matrix) but also much more robust, since exact point-to-point
correspondences rarely exist in real world point clouds with sensor noise.

4.4 Implementation

Our general framework is agnostic to the choice of the particular architecture
of fy. In our experiments, we demonstrate state-of-the-art results with a simple
PointNet segmentation backbone [31] (see inset of Fig. 3), but in principle other
more powerful backbones can be easily incorporated [11,39]. Because it can be
challenging for PointNet to learn rotation invariance, we pre-process the input
points into a set of rigorously rotation-invariant (RRI) features, proposed by [7],
and use these hand-crafted RRI features as the input to the correspondence
network. Note that RRI features are only used in the estimation of the association
matrix  and not in the computation of the GMM parameters inside M , which
depends on the raw point coordinates. Our ablation studies (see supplement)
show that RRI does help, but is not essential to our method.

During training, given a pair of point clouds P and P, we apply the cor-
respondence network Ty along with M and M+t compute blocks to obtain
two transformations: T from P to P and T from P to P. Given the ground
truth transformation Ty from P to P, our method minimizes the following
mean-squared error:

L=KTT," 1K +KkTTy, 1K (18)

where T isthe 4 4 transformation matrix containing both rotation and translation
and | is the identity matrix. We also experimented with various other loss
functions, including the RMSE metric [10] used in our evaluation, but found that
the simple MSE loss outperforms others by a small margin (see the supplement).

DeepGMR is fully-differentiable and non-iterative, which makes the gradient
calculation more straightforward than previous iterative approaches such as
PointNetLK [1]. We implemented the correspondence network and differentiable
compute blocks using autograd in PyTorch [29]. For all our experiments, we
trained the network for 100 epochs with batch size 32 using the Adam optimizer
[25]. The initial learning rate is 0.001 and is halved if the validation loss has not
improved for over 10 epochs.

5 Experimental Results

We evaluate DeepGMR on two different datasets: synthetic point clouds generated
from the ModelNet40 [45] and real-world point clouds from the Augmented ICL-
NUIM dataset [10,21]. Quantitative results are summarized in Table 1 and
qualitative comparison can be found in Fig. 4. Additional metrics and full error
distribution curves can be found in the supplement.
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Table 1. Average RMSE and recall with threshold 0.2 on various datasets. DeepGMR
achieves the best performance across all datasets thanks to its ability to perform robust
data association in challenging cases (Sec. 5.2). Local methods are labeled in red;

methods are labeled in and efficient global methods (average
runtime < 1s) are labeled in blue. Best viewed in color.

ModelNet clean ModelNet noisy ModelNet unseen ICL-NUIM
RMSE # Re@0.2 " RMSE # Re@0.2 "* RMSE # Re@0.2 " RMSE # Re@0.2 "

ICP [8] 0.53 0.41 0.53 0.41 0.59 0.32 1.16 0.27
HGMR [15] 0.52 0.44 0.52 0.45 0.54 0.43 0.72 0.50
PointNetLK [1] 0.51 0.44 0.56 0.38 0.68 0.13 1.29 0.08
PRNet [43] 0.30 0.64 0.34 0.57 0.58 0.30 1.32 0.15
0.01 0.99 0.04 0.96 0.03 0.98 0.08 0.98
[46] 0.00 1.00 0.01 0.99 0.01 0.99 0.09 0.95
RANSACI10K+ICP  0.08 0.91 0.42 0.49 0.30 0.67 0.17 0.84
FGR [48] 0.19 0.79 0.2 0.79 0.23 0.75 0.15 0.87
DCP [42] 0.02 0.99 0.08 0.94 0.34 0.54 0.64 0.16
DeepGMR 0.00 1.00 0.01 0.99 0.01 0.99 0.07 0.99

Baselines We compare DeepGMR against a set of strong geometry-based
registration baselines, including point-to-plane ICP [8], HGMR [15], RANSAC
[17], FGR [48]%> and TEASER++ [46]. These methods cover the spectrum of
point-based (ICP) and GMM-based (HGMR) registration methods, efficient
global methods (FGR) as well as provably “optimal” methods (TEASER++).
We also compare against state-of-the-art learning based methods [1,42, 43]. For
RANSAC, we tested two variants with 10K and 10M iterations respectively and
refine the results with ICP.

Metrics Following [10, 48], we use the RMSE the metric designed for evaluating
global registration algorithms in the context of scene reconstruction. Given a set
of ground truth point correspondencs; Tpi; 0:97—,, RMSE can be computed as

1 :
Ervse = 5 KT (p:) gk (19)
i=1
Since exact point correspondences rarely exist in real data, we approximate
the correspondence using fp;; T (p;)gF,, where T is the ground truth trans-
formation and p; is a point sampled from the source point cloud, so Eq. 19

becomes
/.

u
1gx
n

ErmsE KT (p:) T (ps)k? (20)

i=1

In our evaluation we use N = 500. In addition to the average RMSE, we also
calculate the recall across the dataset, i.e. the percentage of instances with RMSE
less than a threshold . We followed [10] and used a threshold of = 0:2.

3 We performed a parameter search over the voxel size v, which is crucial for FGR’s
performance. We used the best results with v = 0:08.
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5.1 Datasets

Synthetic data We generated 3 variations of synthetic point cloud data for
registration from ModelNet40 [45], a large repository of CAD models. Each
dataset follows the train/test split in [45] (9843 for train/validation and 2468 for
test across 40 object categories).

ModelNet Clean. This dataset contains synthetic point cloud pairs without
noise, so exact point-to-point correspondences exist between the point cloud
pairs. Specifically, we sample 1024 points uniformly on each object model in
ModelNet40 and apply two arbitrary rigid transformations to the same set of
points to obtain the source and target point clouds. Note that similar setting has
been used to evaluate learning-based registration methods in prior works [1, 42],
but the rotation magnitude is restricted, whereas we allow unrestricted rotation.

ModelNet Noisy The setting in ModelNet clean assumes exact correspondences,
which is unrealistic in the real world. In this dataset, we perturb the sampled
point clouds with Gaussian noise sampled from N (0; 0:01). Note that unlike prior
works [1, 42], we add noise independently to the source and target, breaking exact
correspondences between the input point clouds.

ModelNet Unseen Following [42,43], we generate a dataset where train and
test point clouds come from different object categories to test each method’s
generalizability. Specifically, we train our method using point clouds from 20
categories and test on point clouds from the held-out 20 categories unseen during
training. The point clouds are the same as in ModelNet noisy.

Real-world Data To demonstrate applicability on real-world data, we tested
each method using the point clouds derived from RGB-D scans in the Augmented
ICL-NUIM dataset [10]. However, the original dataset contains only 739 scan
pairs which are not enough to train and evaluate learning-based methods (a
network can easily overfit to a small number of fixed transformations). To remedy
this problem, we take every scan available and apply the same augmentation as
we did for the ModelNet data, i.e. resample the point clouds to 1024 points and
apply two arbitrary rigid transformations. In this way, our augmented dataset
contains both point clouds with realistic sensor noise and arbitrary transformation
between input pairs. We split the dataset into 1278 samples for train/validation
and 200 samples for test.

5.2 Analysis

From the quantitative results in Table 1, we can see that DeepGMR consistently
achieves good performance across challenging scenarios, including noise, unseen
geometry and real world data. TEASER++, the only baseline that is able to
match the performance of DeepGMR, on synthetic data, is over 1000 times slower
(13.3s per instance) than DeepGMR (11ms per instance). In the rest of this
section, we analyze common failure modes of the baselines and explain why
DeepGMR is able to avoid these pitfalls. Typical examples can be found in the
qualitative comparison shown in Fig. 4.
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Table 2. Average running time (ms) of efficient registration methods on ModelNet40
test set. DeepGMR is significantly faster than other learning based method [1,42,43]
and comparable to geometry-based methods designed for efficiency [15, 48]. Baselines
not listed (RANSAC10M+ICP, TEASER++) have running time on the order of 10s.
OOM means a 16GB GPU is out of memory with a forward pass on a single instance.

# points ICP HGMR PointNetLK PRNet RANSAC10K+ICP FGR DCP DeepGMR

1000 184 33 84 153 95 22 67 11
2000 195 35 90 188 101 32 90 19
3000 195 37 93 OOM 113 37 115 26
4000 198 39 106 OOM 120 40 135 34
5000 201 42 109 OOM 124 42 157 47

Repetitive structures and symmetry Many point clouds contains repeti-
tive structures (e.g. the bookshelf in the first row of Fig. 4) and near symmetry
(e.g. the room scan in the last row of Fig. 4). This causes confusion in the data
association for methods relying on distance-based point matching (e.g. ICP) or
local feature descriptors (e.g. FGR). Unlike these baselines, DeepGMR, performs
data association globally. With the learned correspondence, a point can be asso-
ciated to a distant component based on the context of the entire shape rather
than a local neighborhood.

Parts with sparse point samples Many thin object parts (e.g. handle of
the mug in the second row in Fig. 4) are heavily undersampled but are crucial
for identifying correct alignments. These parts are easily ignored as outliers
in an optimization whose objective is to minimize correspondence distances.
Nevertheless, by doing optimization on a probabilistic model learned from many
examples, DeepGMR is able to recover the correct transformation utilizing
features in sparse regions.

Irregular geometry Among all the methods, FGR is the only one that per-
forms significantly better on ICL-NUIM data than ModelNet40. This can be
attributed to the FPFH features used by FGR to obtain initial correspondences.
FPFH relies on good point normal estimates, and since the indoor scans of ICL-
NUIM contain mostly flat surfaces with corners (e.g. the fourth row of Fig. 4),
the normals can be easily estimated from local neighborhoods. In ModelNet40,
however, many point clouds have irregular geometry (e.g. the plant in the third
row of Fig. 4) which makes normal estimates very noisy. As a result, FGR’s
optimization fails to converge due to the lack of initial inlier correspondences.

5.3 Time E ciency

We compute the average amount of time required to register a single pair of point
clouds versus the point cloud size across all test instances in the ModelNet40.
The results are shown in Table 2. Two baselines, RANSACK10M-+ICP and
TEASER++, are not listed because their average running time is over 10s for
point clouds with 1000 points. ICP [8], FGR [48] and RANSACI0K+ICP are
tested on an AMD RYZEN 7 3800X 3.9 GHz CPU. HGMR [15], PointLK [1] and
DeepGMR are tested on a NVIDIA RTX 2080 Ti GPU. DCP [42] and PRNet






