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1. Chamfer Distance Metric
As explained in the main paper, our Chamfer distance

metric is modified to consider the clean and complete ver-
sion of the point clouds. In Figure 1, we show why this
modification is necessary. As illustrated by the toy exam-
ple, the original chamfer distance has the tendency to favor
solutions where the point clouds are incorrectly “lumped”
together when evaluating partial point cloud matching.

We also show in Figure 2 the rotation/translation errors
and our modified Chamfer distance metric for several exam-
ple alignments. Figure 2(a) shows a vase with a full rota-
tional symmetry, and any solution rotated about its vertical
axis is a plausible solution. Similarly, the partial visibil-
ity scenario sometimes also results in rotational symmetry,
such as the staircase in Figure 2(b). However, such alter-
nate solutions are penalized by the rotation error, as can be
seen from the alignments in Figure 2(a) right and Figure
2(b) right having a 31.4◦ and 32.8◦ rotational errors despite
being valid solutions. Our Chamfer distance metric does
not penalize these alternate solutions and still gives a small
error in both cases. On the other hand, it is more sensi-
tive to certain misalignments than considering the transla-
tion or rotation error alone. Figure 2(c) and Figure 2(d)
show clearly incorrect alignments which still result in small
translation or rotation errors respectively. In both of these
cases, the Chamfer metric gives a large error.

2. Predicted inliers
We visualize in Figure 3 the predicted inlier weights at

each iteration for the source and reference point clouds, i.e.
wj =

∑
k mjk and wk =

∑
j mjk. The inlier weights in

the first iteration are fairly arbitrary. However as the reg-
istration converges, the higher weights are assigned to the
points within the overlapping region. This allows the net-
work to reject and ignore points without correspondences.

2.1. Generalization to Real Data

We observe that our trained network is able to generalize
to several real laser scans from the Stanford 3D Scanning
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Figure 1. Chamfer distance metrics on a toy example. Arrows in-
dicate vectors to nearest points. Unlike our modified metric, the
original metric gives an erroneous lower error to the incorrect reg-
istration.

Groundtruth Example alignment
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Isotropic Errors:
(Rot) 31.4°
(Trans) 0.018

𝐶𝐷# = 0.00183

Isotropic Errors:
(Rot) 32.8°
(Trans) 0.121

𝐶𝐷# = 0.00074

Isotropic Errors:
(Rot) 96.0°
(Trans) 0.054

𝐶𝐷# = 0.03342

Isotropic Errors:
(Rot) 1.4°
(Trans) 0.377

𝐶𝐷# = 0.03387

Figure 2. Example alignments and their error metrics
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Figure 3. Predicted inlier weights at each iteration

Repository1, despite not being trained on real world data.
We preprocess the point clouds in the following manner to
be consistent with the ModelNet40 data used in training:
1) uniform downsample by taking every kth point such that
there is approximately 1024 points remaining, and 2) trans-
late and scale the point clouds such that the point cloud fits
approximately into a unit sphere. Figure 4 shows our regis-
tration results on two models of the dataset.

(a) Bunny (b) Armadillo

Figure 4. Registration of (a) Bunny and (b) Armadillo models from
the Stanford 3D Scanning Repository. The Bunny and Armadillo
models are acquired 45◦ and 30◦ apart respectively.

3. Additional Qualitative Results
Additional registration examples can be found in the ac-

companying video.

4. Detailed Network Architecture
We show the detailed architectures of our Feature Ex-

traction and Parameter Prediction networks in Tables 1 and
1http://graphics.stanford.edu/data/3Dscanrep/

2, respectively. Both networks use a PointNet-based [1] ar-
chitecture. We use the following notation: N denotes the
number of points in the point cloud, and S denotes the num-
ber of points sampled in the neighborhood cluster for each
point. Parameters for fully connected (FC) layers are given
as (input-dim, output-dim), and the parameter for group
normalization (GN) [2] is the number of groups used.

Layer Parameters Output dimension
Shared FC (10, 96) N × S × 96
GN + ReLU (8) N × S × 96

Shared FC (96, 96) N × S × 96
GN + ReLU (8) N × S × 96

Shared FC (96, 192) N × S × 192
GN + ReLU (8) N × S × 192

Max pool - N × 192

FC (192, 192) N × 192
GN + ReLU (8) N × 192

FC (192, 96) N × 96
GN + ReLU (8) N × 96

FC (96, 96) N × 96
`2 normalization - N × 96

Table 1. Architecture of our Feature Extraction Network. It takes
in S× 10-dimensional raw features for each point cluster and out-
puts a 96-dimensional feature descriptor.

Layer Parameters Output dimension
Shared FC (4, 64) N × 64
GN + ReLU (8) N × 64

Shared FC (64, 64) N × 64
GN + ReLU (8) N × 64

Shared FC (64, 64) N × 64
GN + ReLU (8) N × 64

Shared FC (64, 128) N × 128
GN + ReLU (8) N × 128

Shared FC (128, 1024) N × 1024
GN + ReLU (16) N × 1024

Max pool - 1024

FC (1024, 512) 512
GN + ReLU (8) 512

FC (512, 256) 256
GN + ReLU (8) 256

FC (256, 2) 2
Softplus activation - 2

Table 2. Architecture of our Parameter Prediction Network. The
input is the spatial coordinates of the source and reference point
clouds concatenated together, augmented with a 0 or 1 depend-
ing on which point cloud the point originates from. The network
outputs the 2 parameters α, β used in the annealing.

http://graphics.stanford.edu/data/3Dscanrep/
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