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Abstract

We tackle data-driven 3D point cloud registration. Given
point correspondences, the standard Kabsch algorithm pro-
vides an optimal rotation estimate. This allows to train
registration models in an end-to-end manner by differen-
tiating the SVD operation. However, given the initial rota-
tion estimate supplied by Kabsch, we show we can improve
point correspondence learning during model training by ex-
tending the original optimization problem. In particular,
we linearize the governing constraints of the rotation ma-
trix and solve the resulting linear system of equations. We
then iteratively produce new solutions by updating the ini-
tial estimate. Our experiments show that, by plugging our
differentiable layer to existing learning-based registration
methods, we improve the correspondence matching qual-
ity. This yields up to a 7% decrease in rotation error for
correspondence-based data-driven registration methods.

1. Introduction
Finding a geometrical transformation that aligns two

point sets is at the core of several down-stream tasks
such as range data fusion [20], ego- or object pose track-
ing [15, 17, 46], 3D shape completion [16] and camera
re-localization [1]. This challenging problem has a long-
standing research history [14, 36, 2, 35, 26], as the corre-
spondence between point clouds is usually not known, or it
may not even explicitly exist. Other challenges include the
fact that 3D sensors often observe object or scene surfaces
only partially, that the density of scans varies with respect
to the distance from the sensor, and that point clouds are
usually corrupted by severe noise and outliers.

Existing optimization-based methods typically solve
point cloud registration by finding a transformation that
minimizes the distance between two point sets, according
to some criterion, e.g., Chamfer distance [12]. Their per-
formance critically depends on the quality of the 3D point
correspondences between the point sets [21, 33, 32, 22, 45,
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Figure 1. We propose a novel, differentiable rotation estimator.
Given a trainable, correspondence-based registration method and
initial rotation estimate (by, e.g., Kabsch algorithm), our iterative
rotation estimator performs a series of pose refinements to pro-
duce gradients that guide the matching network towards improving
point correspondences.

43, 9]. To cope with the limitations of prior heuristic ap-
proaches, recent methods [45, 43, 9, 8, 7, 15, 18] leverage
the representational power of deep neural networks to learn
an estimate of the transformation that aligns point clouds in
an end-to-end manner.

To ensure that the estimated matrix is a valid rigid
transformation matrix, state-of-the-art learning-based meth-
ods [38, 44, 5] employ the Kabsch algorithm [14] and thus
need to differentiate through the SVD operation [28]. Kab-
sch produces globally optimal estimates for a given set of
correspondences. However, if the point matches are not
perfect, we can design other pose oriented geometric incen-
tives to guide the correspondence network to learn better
matches.

To this end, we formulate a local approximation of the
correspondence distance minimization problem and show
that this helps the network to produce better correspon-
dences. Our method takes the estimate produced by Kabsch
as input and it performs a number of recurrent iterative steps
that over time push the matching network to improve corre-
spondence matching quality (see Figure 1). As rotation ma-
trices are governed by non-linear constraints, we propose a
linearization of these constraints around the computed ini-
tial estimate and solve the optimization problem using the
method of Lagrange multipliers. The result is a linear sys-
tem of equations, where the new rotation estimate can be ex-
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tracted in closed-form. This estimate is recurrently refined
over a fixed number of iterations, akin to the classic ap-
proach from Drummond and Cipolla [11]. In comparison to
Kabsch, the use of linearized constraints makes our estima-
tor increasingly sensitive to particular geometric configura-
tions of point clouds, that result in estimates that might di-
verge from the original Kabsch estimates. We discuss these
configurations in more detail in the supplementary mate-
rial. However, Kabsch also benefits from a network that is
encouraged to prevent these particular configurations.

We show experimentally that our approach is an add-
on module that can be used in combination with different
learning-based methods for point cloud registration, such as
Deep Closest Point [38] and RPM-Net [44]. We improve on
the results of two state-of-the-art methods, in a registration
task on the ModelNet40 [39] dataset. Moreover, we show
that when using our layer, there is no need to impose an
additional loss that aids the matching network (as used in,
e.g., RPM-Net [44]), as the correspondences improve dur-
ing the training implicitly. In summary, our contributions
are the following: i) We propose a novel, differentiable ro-
tation estimation layer that promotes the trainable matching
network to improve correspondence matching quality; ii)
We show that this differentiable rotation estimator can be
obtained by linearizing the governing constraints for rota-
tion matrices around the initial solution in an iterative fash-
ion, resulting in linear constrained optimization problem
with closed-form solution; iii) We augment two state-of-
the-art deep global registration methods with our layer and
improve upon them in the task of point cloud registration
on the ModelNet40 benchmark. Our module can improve
learning-based registration methods, at the minimal cost of
adding a parameter-free layer during training.1

2. Related Work
Point cloud registration is an extensively studied topic,

with a considerable literature spanning decades [14, 36, 2,
35, 26]. In this section, we present some of the most rele-
vant optimization-based methods and recent data-driven ap-
proaches.

Optimization-based methods. Consolidated solutions for
point clouds registration are based on Iterative Closest Point
(ICP) [4, 2] and its variants [31, 34, 3]. These methods alter-
nate between the correspondence search and optimal pose
estimation given such matches in the point sets. Standard
ICP approaches use a nearest neighbor strategy in coordi-
nate space to establish correspondences. This approach is
sensitive to the initial transformation estimate and is there-
fore considered to be a local method. With exact correspon-
dences, estimating the optimal pose can be formulated as an

1Our implementation and trained models can be found at https://
github.com/SergioRAgostinho/just-a-spoonful

Orthogonal Procrustes problem, that can be minimized us-
ing the Kabsch algorithm [14]. For this reason, the commu-
nity invested efforts in developing robust point descriptors
for finding the best correspondences. Most of them rely on
hand-crafted descriptors, e.g., SPIN [21], SHOT [33] and
FPFH [32]. Instead, recent efforts privilege a data-driven
approach by leveraging point cloud encoders [30, 24] to
learn point descriptors [22, 9, 7].

Beyond improving feature detection and matching,
global registration methods often adopt a robust cost func-
tion to improve robustness to outliers [47]. The work
of [40] explicitly focuses on identifying outliers in the
point matches, while [42] finds a globally optimal solution
through branch-and-bound systematic search in the SE(3)
solution space. Different from previous approaches, [23]
uses sophisticated sampling and graph matching mecha-
nisms to bypass having to establish putative correspon-
dences.

Data-driven methods. Recent advances in the area of
point cloud representation learning [29] paved the way to-
wards data-driven methods for point cloud alignment [15,
13, 38, 5, 18, 10]. While it is possible to use a learned fea-
ture detector [22, 8, 45, 43] in combination with global reg-
istration methods [47], the ultimate goal is to optimize the
point representation with respect to the final task in an end-
to-end manner.

Several methods directly learn to regress the trans-
formation between two point clouds [13, 15, 27, 18].
PoinNetLK [13] requires an initial transformation estimate
and proceeds iteratively by minimizing the distances be-
tween the point cloud embeddings. AlignNet [15] com-
putes relative transformation in a single shot by first esti-
mating the canonical pose, followed by the estimation of
residual transformation. PointGMM [18] leverages hierar-
chical Gaussian Mixture Models to learn a multi-scale rep-
resentation of the point cloud that disentangles orientation
and shape in the embedding space. The relative transforma-
tion can then be computed by estimating a canonical pose
of each point cloud.

Other methods explicitly establish correspondences.
3DRegNet [27] leverages a correspondence classification
mechanism inspired by Kim et al. [25] and regresses the
rigid transformation by optimizing directly in the SE(3)
manifold. Other methods use Kabsch [14] to ensure that the
estimated transformation is a valid euclidean transforma-
tion, composed by a proper rotation matrix. Deep Closest
Point (DCP) [38] employs a pointer network module [37]
to establish soft correspondences between two point clouds
based on the learned embeddings. Deep Global Regis-
tration [5] additionally employs a network module [6] for
correspondence confidence weighting, used in combination
with a weighted variant of Kabsch. RPM-Net [44] cou-
ples local and global spatial coordinates together with hand-
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Figure 2. An overview of our proposed method: The variables Ps, Pt represent the source and target point clouds, and w is a set of
optional weights pondering each correspondence. The trainable matching network produces 3D point correspondences Pcs and Pct from
both point clouds, an initial pose estimate (R0, t0) and an optional, represented in parenthesis (·), vector of weights w ∈ RN

+ ranking each
correspondence. At refinement iteration i, we first produce an approximate rotation estimate R′i which minimizes the point-to-point distance
between correspondences (constrained optimization module). Then, our rotation assembler generates a proper rotation matrix from the
approximate rotation estimate R′i. Finally, we estimate the optimal translation ti between correspondences using translation estimator,
given the rotation estimate from the rotation assembler.

crafted point-pair features [32], as input to a PPFNet fea-
ture encoder [9]. We show experimentally that our method
is a worthy add-on to be used in combination with end-to-
end trainable correspondence-based methods, such as Deep
Closest Point [38] and RPM-Net [44], to improve the regis-
tration performance.

3. Method
In this section, we detail our differentiable iterative re-

finement method that can be added as a complementary
step to any correspondence-based registration deep learning
method, as can be seen in Figure 2. Inputs to our method are
an initial rotation estimate, e.g., supplied by Kabsch, a set of
point correspondences estimated by any trainable matching
network and, optionally, a set of weights ranking the quality
of these correspondences. Note, these correspondences are
not necessarily correct, in fact, we will show we improve
them during the model training thanks to our method. We
then perform the following steps iteratively (Figure 2):

Constrained optimization ( ): We produce an approxi-
mate rotation estimate by linearizing governing constraints
for rotation matrices around the previous estimate. This
module minimizes the weighted point-to-point distance be-
tween correspondences, however, the resulting matrix is not
necessarily a valid rotation matrix (see subsection 3.2).

Rotation assembler ( ): We convert the matrix of the
previous step into a valid rotation matrix by applying Gram-
Schmidt orthogonalization to the first two columns of the
input and a cross product to generate the final column.

Translation estimation ( ): Given an input rotation we
can compute the optimal translation vector in a closed-form
(see subsection 3.1).

These operations define our novel layer, which refines
the rotation estimates iteratively. However, since the pose
returned from Kabsch is already optimal, our main contri-
bution is not in improving the final pose directly but in-
stead conditioning the matching part of the network towards
learning better correspondences. Empirically we show that
our novel differentiable rotation estimator aids correspon-
dence matching registration even though we only impose
supervision on the pose.

3.1. Preliminaries

Given a set of correspondences between the source and
target point clouds Ps, Pt ∈ RN×3 (see Figure 2) our aim
is to find a rigid transformation (R, t) that minimizes the
following error:

argmin
R,t

∑N
i=1 wi∥pti − Rpsi − t∥2 (1a)

s. t. R ∈ SO(3), (1b)

where w ∈ RN
+ represents the (optionally supplied) set of

weights and psi and pti are individual points of the source
and target point clouds. Given a rotation matrix R, we can
simply extract the optimal translation vector t in a closed-
form as:

t∗ =

∑N
i=1 wi(pti − Rpsi)∑N

i=1 wi

= p̄t − Rp̄s, (2)
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where p̄t and p̄s represent the weighted means of the points
for each point cloud. We further define p̃ti and p̃si as
the mean-subtracted versions of pti and psi, such that
p̃s = ps − p̄s and p̃t = pt − p̄t. We can then factor out
the translation component and Eq. (1) can be formulated
entirely with the respect to the rotation. Back-substituting
Eq. (2) yields the following simplification:

argmin
R

∑N
i=1 wi∥p̃ti − Rp̃si∥2 (3a)

s. t. R ∈ SO(3). (3b)

The Kabsch algorithm [14] provides a closed-form, globally
optimal solution (given correspondences) to this problem
via SVD as follows:

H =

N∑
i=1

wip̃tip̃s
⊤
i (4)

U, S, V = svd(H) (5)

R = U diag([1, 1,det(UV⊤)])V⊤. (6)

The operator diag( ) produces diagonal square matrices, in
which the input vector represents the diagonal. Kabsch can
only provide the correct rotation estimate for pose estima-
tion if correspondences are also correct. Our formulation of
the optimization problem (Eq. 3a) as an iterative procedure
helps the network to produce better correspondences, as we
will show in the experimental section.

3.2. Just a spoonful of refinements

We first present the governing constraints of the rotation
matrix and then discuss our proposed relaxation to their lo-
cal linear approximation. The membership of R in SO(3)
can be expressed as:

R⊤R = I3 (7a)
det R = 1, (7b)

where I3 is the 3 × 3 identity matrix. These are quadratic
and cubic equality constraints, respectively. Eq. (7a) sup-
plies six constraints and Eq. (7b) an additional one. How-
ever, as shown in the supplementary material, given that all
expressions are linearized around a point that represents a
rotation matrix, the determinant constraint is not longer lin-
early independent w.r.t. the orthogonality ones and is there-
fore redundant. The next stage of the formulation requires
that all constraints are linearly independent, so we choose
to drop the determinant constrained as it allows to proceed
with the formulation taking solely into account the orthog-
onaly related expressions.

Linearization of constraints ( ). Denoting our prior rota-
tion estimate with Rt−1, we start by linearizing the linearly
independent components of Eq. (7a) around the initializa-
tion Rt−1, by only taking into consideration the upper tri-
angle section of the constraints matrix. We define matrix

c(R) = R⊤R − I3 such that c(R) : R3×3 → R3×3 and
refer to cij(R) as the element in the i-th row and j-th col-
umn, defined as cij(R) = e⊤i (R

⊤R − I3)ej . The variables
ei, ej ∈ R3 are Euclidean bases, vectors of zeros with a
single element equal to one at the i-th and j-th elements,
respectively. Using Taylor expansion around the initial es-
timate Rt−1 and retaining only terms up to the first order,
leads to the following linearized constraints:

c
(1)
ij (R, Rt−1) = cij(Rt−1) + tr

(
ESijR

⊤
t−1(R− Rt−1)

)
(8)

for i = 1, . . . , 3; j = i, . . . , 3,

where c
(1)
ij is the first-order Taylor approximation, of the

i-th row and j-th column of the orthogonality constraints
c(R). The matrix ESij = eie

⊤
j + eje

⊤
i = Eij + Eji ∈ S3,

with S3 representing the space of real symmetric matrices
of size 3 × 3. Full derivations for this approximation are
provided in the supplementary material.

Langrangian formulation ( ). After the relaxation and
linearization of our constraints, we now have an optimiza-
tion problem with a quadratic cost function and linear con-
straints. Then, we can enforce the (linearized) equality con-
straints in Eq. 8 using the method of Lagrange multipliers.
Thus, we obtain a closed-form solution that can be formu-
lated as a linear system of equations. We write the new
Lagrangian of (3a) as:

L(R,λ) =
N∑
i=1

wi

2
∥p̃ti − Rp̃si∥2 +

6∑
k=1

λkc
(1)
k (R, Rt−1),

(9)
where indices ij previously used to specify the row and col-
umn of the constraints c

(1)
ij (R, Rt−1), are now replaced by

the single index k, iterating over the upper triangular part of
the matrix. The variables λk represent the Lagrange multi-
pliers of the constraints. We form a linear system for which
the solution returns our newly refined estimate, by comput-
ing the gradient of Eq. (9) with respect to both R and λ,
and setting it to 0. The optimal R and λ are determined by
solving the linear system:[

A B

B⊤ 0

] [
vec(R)

λ

]
=

[
vec
(∑N

i=1 wip̃tip̃s
⊤
i

)
d

]
, (10)

where the operator vec represents a column-wise vector-
ization of its input matrix and the matrices A and B are
defined as in the following. The matrix A is given by
A =

[
a1, . . . , a9

]⊤ ∈ R9×9, with each vector ar ∈
R9, r = 1, . . . , 9 such that

ar = vec

(
Emn(

N∑
i=1

wip̃sip̃s
⊤
i )

)
. (11)

Matrix Emn ∈ R3×3 has all elements equal to 0, except
the one in row m and column n, which is 1. Matrix A is
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constructed from vec
(
∂L
∂R = 0

)
and retaining all terms that

depend on R. Matrix B =
[
b1, . . . , b6

]
∈ R9×6 is

composed by the following columns bk with k = 1, . . . , 6,
such that:

bk = vec(Rt−1E
S
k), (12)

where the vector d ∈ R6, with each element given by

dk = tr(ESk)− ck(Rt−1). (13)

In the supplementary material we provide a detailed deriva-
tion on how to compose the linear system of equations,
specifically matrices A, B and vector d. After solving the
linear system of equations, we obtain a newly refined rota-
tion estimate.

Producing a rotation matrix from a candidate refine-
ment ( ). Due to the linearization of the original rota-
tion constraints, there is no guarantee that our solution from
the optimization module (Figure 2, ) is a valid rotation
matrix. One solution to this problem would be to project
the matrix to the closest orthogonal matrix using SVD by
minimizing the Frobenius norm distance to the input. This
projection step might be non-differentiable because the gra-
dient is not defined if the input matrix is already a valid rota-
tion. This problem is discussed in Ionescu et al. [19], where
they show that the gradient of an SVD is not defined in the
case of the input matrix having equal singular values, as a
rotation matrix does. Moreover, the closer the singular val-
ues are to each other, the more numerically ill-conditioned
the gradient becomes. Since we intentionally target having
matrices very close to true rotations i.e., having all singular
values equal to 1, using SVD is not an option. To gener-
ate a new rotation representation from our estimate, we in-
stead adopt the strategy proposed by Zhou et al. [48] that
has close ties to Gram-Schmidt orthogonalization. Assume
that R′ is a 3× 3 input matrix formed by the columns:

R′ =
[
r′1 r′2 r′3

]
. (14)

The output matrix is going to be composed by the following
three columns:

r1 =
r′1

∥r′1∥
, (15)

r2 =
(I− r1r

⊤
1 )r

′
2

∥(I− r1r⊤1 )r
′
2∥

, (16)

r3 = r1 × r2. (17)

These operations are performed in the differentiable orthog-
onalization step (Figure 2, ). Contrary to SVD projection,
with this method we are not operating close to a gradient
singularity. Equations (15) and (16) have singularities if the
denominator is 0. However, as shown in the supplementary
material, we are not operating close to this region, leading
to a stable training procedure.

3.3. Augmenting the Loss

Using our refinement module, we produce t = 1, . . . , Nr

additional pose estimates. We apply the loss term to every
pose estimate, both initialization and refinements. This is
applicable to every term that depends on the predicted pose.
As an example, the original loss function used to train Deep
Closest Point [38] is formulated as

Loss = ∥R⊤Rgt − I3∥2 + ∥t− tgt∥2 + λ∥θ∥2. (18)

In this expression, θ represents the networks parameters and
λ is a hyper-parameter balancing weight-decay during train-
ing. With the new pose estimates the loss now becomes:

Loss =
1

Nr + 1

Nr+1∑
i=1

∥R⊤i Rgt − I3∥2,

+
1

Nr + 1

Nr+1∑
i=1

∥ti − tgt∥2 + λ∥θ∥2. (19)

During training, our refiner is required to output all possible
poses, initializing each new refinement of the pose from the
previous iteration. We stress that our refinement strategy is
only used during training, initializing each new refinement
of the pose from the previous iteration. At test time, we
output the pose produced by Kabsch, which is optimal given
correct correspondences.

3.4. Understanding the Differences

The estimator we propose solves a very similar problem
to Kabsch, minimizing the same correspondence loss, but
under a different set of constraints: a linear approximation
of the original second-order equality constraints. A network
trained with and without our additional layers will learn a
different set of parameters and will have different registra-
tion performance. The differences in resulting parameters
indicate that the gradients used to optimize the network dur-
ing training are different. The loss in Eq. (19) ponders an
average pose error between all poses produced: if the poses
are all equal, the gradient w.r.t. to one pose or w.r.t. to all
poses is the same. In the majority of situations, given a
rotation estimate from Kabsch, our estimator will replicate
this estimate. However, the linearized constraints make our
estimator increasingly sensitive to certain geometric config-
urations of point clouds. Under these configurations, the es-
timator will produce a pose estimate that will diverge from
Kabsch at each iteration. We stress that in our case, diver-
gence comes paired with the positive effect of facilitating
the network to avoid said configurations. The geometric re-
lationship, e.g. distance and angle, between Kabsch’s (con-
strained) solution and the unconstrained one, is one exam-
ple of aspects that govern the occurrence of the divergent
behavior. We expand on these ideas and provide additional
insightful examples in the supplementary material.
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4. Experimental Evaluation
In this section, we show the merit of our method by

improving the accuracy of existing matching-based deep
global registration methods, Deep Closest Point [38] and
RPM-Net [44]. We show that our method helps by improv-
ing the quality of correspondence matching and, as a result,
improves the pose estimates. We compare the performance
of our full pipeline to several baselines. We conduct all ex-
periments employing 5 refinements of our method, a choice
supported by our ablation studies, reported in the supple-
mental material. Finally, we show the improvements pro-
duced by our method are more than a byproduct of a partic-
ular initialization, by conducting multiple training sessions
with different weight initializations and showing the aver-
age pose error is consistent with our prior benchmarks.

Datasets. We conduct our experiments using Model-
Net40 [39] and 3DMatch [45] based on the experimental
setting of [38, 44]. ModelNet40 consists of CAD models
containing several symmetrical objects which create pose
ambiguities. 3DMatch is a dataset composed of RGB-D
scene fragments. We create rigid transformations by ran-
domly sampling rotations as three Euler angles from the in-
terval [0◦, 45◦] and translations in the range of [−0.5, 0.5]
along each axis.

Metrics. To compare our method to prior work, we fol-
low their experimental setting and use the same evaluation
metrics, including rotation and translation errors, Chamfer
distance, and mean point distance. We compute the rotation
error as:

∆R = R⊤Rgt (20)

∠∆Riso = arccos

(
tr(∆R)− 1

2

)
(21)

(∠z,∠y,∠x)ani = fEulerz→y→x(∆R), (22)

in both an isotropic (21) and an anisotropic (22) forms.
The matrices R and Rgt stand for the rotation estimate and
ground-truth, respectively. The operator tr(·) stands for the
trace of a matrix, fEulerz→y→x is a function which decom-
poses the rotation matrix in intrinsic Euler angles following
the axes sequence z → y → x. The translation error is
computed as the p− norm:

∆t = ∥t− tgt∥p={1,2}, (23)

with t and tgt standing for the translation estimate and
ground-truth. The Chamfer distance between two point sets
Ps and Pt is given by:

CD(Ps, Pt) =
1

|Ps|
∑

psi
∈Ps

min
ptj

∈Pt
∥psi − ptj∥22 (24)

+
1

|Pt|
∑

ptj
∈Pt

min
psi

∈Ps
∥psi − ptj∥22. (25)

Lastly, the mean point distance is computed as:

∆p =
1

N

N∑
i=1

∥(R− Rgt)psi + t− tgt∥2. (26)

For this metric, we pick the source point cloud to compute
the distance without loss of generality.

4.1. Deep Closest Point with ModelNet40 Data

We augment Deep Closest Point (DCP) [38] with our
refinement stage and evaluate the performance of the final
network following their evaluation protocol. We use 9,843
meshes for training and 2,468 for testing. From each mesh,
we uniformly sample 1024 points based on the face area
and scale them to be within a unit sphere. DCP’s reports
the anisotropic rotation error from Eq. (22) and transla-
tion error, computing the Mean Squared Error (MSE), the
Root Mean Squared Error (RMSE), and Mean Absolute Er-
ror (MAE). We present and discuss the simpler scenario of
alignment for identical point clouds in the supplementary
material.
Alignment under Gaussian noise. In Table 1 we report
point cloud registration results obtained on instances of
CAD models that were held-out during the model train-
ing. Furthermore, we add a Gaussian noise N (0, 0.012),
clamped at [−0.05, 0.05] during test time using the model
trained on noise-free data. To ensure that there are no true
correspondences, we applied the noise independently to the
source point cloud.2 Our refinement strategy significantly
improves the rotation estimator error while incurring in neg-
ligible worsening of the translation error. This experiment
confirms that we improve the generalization to held-out
instances even when 1-to-1 correspondences do not exist.
We improve the rotation error by 9% at the marginal cost
of translation accuracy of 0.06%, when normalized by the
maximum magnitude of the rotation and translations sam-
pled. This is an experiment in which DCP performs worse
because the perfect correspondence assumption is broken
during testing. The interesting aspect is that despite never
having access to cases during training in which there were
no perfect correspondences, applying our layer assists the
network to generalize better to this case.
Alignment for unseen categories. In Table 2, we report
results for unseen categories. In prior experiments, the net-
work was trained with all categories, with separate instances
being part of the training and testing datasets. In this ex-
periment, all instances from the first 20 categories are used
for training and all instances of the last 20 categories are
used for testing, putting the generalization capabilities to
the test. Our method achieves the lowest errors in all met-
rics reported. In particular, we improve the rotation error

2Note that this is different to the experiment conducted in [38], where
the noise was not added independently.
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Model RMSE(R)◦ MAE(R)◦ RMSE(t) MAE(t)

DCP-v2 12.974750 5.830703 0.003941 0.002502
DCP-v2 + ours 8.938098 4.373459 0.004221 0.002777

Table 1. Deep Closest Point on ModelNet40: Test on objects with
Gaussian noise only added to the source point cloud. The noise
is only added at test time, using the models trained under noise-
less conditions. There are no perfect correspondences between
the source and target point clouds.

Model RMSE(R)◦ MAE(R)◦ RMSE(t) MAE(t)

ICP 29.876431 23.626110 0.293266 0.251916
Go-ICP [41] 13.865736 2.914169 0.022154 0.006219
FGR [47] 9.848997 1.445460 0.013503 0.002231
PointNetLK [13] 17.502113 5.280545 0.028007 0.007203

DCP-v2 3.150191 2.007210 0.005039 0.003703
DCP-v2 + ours 2.051713 1.431898 0.004543 0.003333

Table 2. Deep Closest Point on ModelNet40: Test on unseen cate-
gories.

by 2% and the translation error by 0.1%, when normalized
by the maximum magnitude of the rotation and translations
sampled. This is an experiment in which despite the unseen
categories, there are still perfect correspondences in place,
which is a more favorable scenario for DCP and that is why
our improvements are less substantial than when Gaussian
noise was added.

4.2. RPM-Net with ModelNet40 Data

Similar to DCP, we augment RPM-Net [44] with our pro-
posed layer and evaluate the performance of the combined
network. We use implementation and pre-trained models
provided by the authors. As in subsection 4.1, we use the
first 20 categories of ModelNet40 for training and validation
and the last 20 categories solely for testing. The training,
validation, and testing splits are composed of 5,112, 1,202,
and 1,266 models, respectively. As in [44], we also report
mean rotation error as in Eq. (21) and mean translation error
as in Eq. (23) with p = 2, marked as isotropic errors, and
Chamfer distance (25). We report the experiment of point
cloud alignment under Gaussian noise in the supplementary
material and advance directly to the more challenging sce-
nario of partial point cloud alignment.
Alignment with partial point clouds. In this experiment,
we evaluate partial point cloud registration. We randomly
sample random half-space of the point cloud and retain only
70% of the original point cloud, ensuring that there is a
partial overlap in extent between point clouds. Simulta-
neously, we independently subsample 717 points of each
half-space and add Gaussian noise N (0, 0.012) clamped
at [−0.05, 0.05]. RPM-Net uses two loss terms: Ltotal =
Lreg +λLinliers. While the Lreg term penalizes the pose error

Method Anisotropic err. Isotropic err. C̃D
(Rot.) (Trans.) (Rot.) (Trans.)

ICP 13.719 0.132 27.250 0.280 0.0153
RPM 9.771 0.092 19.551 0.212 0.0081
FGR 19.266 0.090 30.839 0.192 0.0119
PointNetLK 15.931 0.142 29.725 0.297 0.0235
DCP-v2 6.380 0.083 12.607 0.169 0.0113

RPM-Net 0.893 0.0087 1.712 0.018 0.00085
RPM-Net +
Ours

0.826 0.0081 1.575 0.017 0.00085

RPM-Net† 0.993 0.0087 1.861 0.018 0.00099
RPM-Net +
Ours†

0.872 0.0074 1.554 0.015 0.00088

Table 3. RPM-Net on ModelNet40: Performance on partially visi-
ble data with noise. The Chamfer distance using groundtruth trans-
formations is 0.00055. †Models trained without the inlier term in
the loss function.

directly, the second λLinliers term acts directly on the cor-
respondences. This term incentivizes the network to rank
more matches as inliers. Since our layer also targets corre-
spondence quality, we perform a test where we discard the
inlier loss term. As can be seen in Table 3, we improve the
rotation error by 0.137◦and the translation error by 1e-3.
Contrary to the baseline, when our layer is included, it ben-
efits from not having the inlier term acting directly on the
correspondences. Without it, we manage to further lower
rotation and translation errors.

4.3. Deep Closest Point with 3DMatch Data

The 3DMatch dataset is composed of 7317, 643 and
1861 point cloud pairs for training, validation and testing,
respectively. Each fragment is downsampled to a point
cloud of 1024 points through voxel grid average filtering
i.e., all points inside a voxel are averaged to produce the re-
sulting point for that voxel. Each point cloud pair is rescaled
as to ensure that all points lie inside a unit ball norm, and
each pair is guaranteed to have a minimum surface over-
lap of 30%. We present our results in Table 5 and these
show an improvement of 2.2% and 1.7% when normalized
by the by the maximum magnitude of the rotation and trans-
lations sampled, showing that out discoveries generalize to
real data.

4.4. Meaningful Improvements Beyond a Conve-
nient Initialization

The inclusion of our layer produces improvements that
occasionally can be marginal. To ensure that these are not
attributed to a particular initialization we conduct an exper-
iment where we train DCP 26 times with and without our
layer, evaluating the mean and standard deviation of pose
error over all runs. We conduct the experiment following
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Model \(mean / std) MSE(R)◦ RMSE(R)◦ MAE(R)◦ MSE(t) RMSE(t) MAE(t)

DCP-v2 20.969088 / 1.439e+01 4.264873 / 1.667e+00 2.670795 / 9.765e-01 0.000047 / 5.962e-05 0.006250 / 2.900e-03 0.004555 / 2.153e-03
DCP-v2 + ours 5 all 12.647069 / 1.046e+01 3.311812 / 1.296e+00 2.130985 / 7.879e-01 0.000052 / 6.235e-05 0.006532 / 3.039e-03 0.004757 / 2.291e-03

Table 4. Initialization test with Deep Closest Point on ModelNet40. Test with unseen point clouds where all the instances of the last 20
categories are held-out during training and only used for evaluation. The network is trained for 250 epochs.

Model RMSE(R)◦ MAE(R)◦ RMSE(t) MAE(t)

DCP-v2 11.211800 8.554642 0.137432 0.105473
DCP-v2 + ours 10.232300 7.777227 0.128846 0.099061

Table 5. Deep Closest Point on 3DMatch with a 30% minimum of
surface overlap.

Figure 3. A qualitative example of the how correspondences are
generated by Deep Closest Point. In the image we see point clouds
of two different colors: black and red. We cherry-pick an example
with the lowest pose estimation error, ∠∆Riso = 0.2712◦, ∆t =
0.0002. Black: Point cloud generated by applying the ground-
truth transformation to the source point cloud i.e., each point is
given by pti = Rgtpsi + tgt. Red: The correspondences produced
by the network to perform the registration task, where each point
represents p′

ti .

the unseen categories protocol just as in previous sections.
The results are presented in Table 4. Our method decreases
the rotation error by 22% while incurring in a residual in-
crease in translation error.

4.5. Measuring Correspondence Improvement

In this section, we provide some intuition on why evalu-
ating correspondence quality simply based on the Euclidean
distance is misleading and only the error in the resulting
rotation from Kabsch, accurately captures correspondence
quality improvement. Due to space limitations, we further
expand some of the results and ideas in the supplementary
material.

Correspondence Error is Misleading. For each point psi

in the source point cloud, both DCP and RPM-Net regress
the coordinates of its corresponding point, expressing it as
p′
ti =

∑N
j=1 αijptj , where αij is the probability of point

psi matching pti . The mean subtracted version of these
pairs of correspondences p̃si and p̃′

ti are used to compute H
in Eq. (4). To produce a correct rotation estimate, it is not
necessary that ∥p̃′

ti − Rp̃si∥∀i = 0. Kabsch is a method
that is invariant to scale. Multiplying the source and tar-
get point clouds by arbitrary non-negative scalars will pro-
duce the same rotation matrix. In an effort to evaluate the

quality of correspondences based on the average point dis-
tance, we revisit the Gaussian noise experiment from sub-
section 4.1, where noise is added independently to one of
the point clouds at test time. The results show that: the cor-
respondence error is fairly high despite the low pose error;
for a marginal improvement of 1% in relative correspon-
dence error, we obtain a 7% improvement in rotation error,
almost one order of magnitude above. This cements the idea
that correspondence error does fully capture the quality of
the correspondences established when these are used with
Kabsch.

In Defense of Pose Error as Evaluation Metric. Fig-
ure 3 shows a cherry picked example where the pose error
is the smallest over the entire test set. Contrary to intuition,
the regressed target points (red) hardly resemble the ground
truth target points (black) and yet the network is still able to
estimate an almost perfect pose. This confirms that a high
positional error between regressed and ground truth target
points does not imply a bad pose estimate. However, both
red and black point clouds have roughly similar principal
directions and centroids and we conjecture that this is a suf-
ficient condition for Kabsch to produce accurate estimates.
Measuring a difference in orientation in principal directions
and a difference in position between centroids is similar to
computing a pose error. Therefore, we argue that pose error
is a better metric to measure correspondence quality than
correspondence positional error.

5. Conclusion

In this paper, we presented a differentiable rotation esti-
mation approach that can be used in combination with the
Kabsch algorithm. We show that it improves correspon-
dence matching quality resulting in improved registration.
We expect our method to benefit future methods tackling
learning-based end-to-end correspondence-based registra-
tion method.
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