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In this document we collect some additional details
about the proposed method, and more precisely about the
feature extraction layer, an extensive ablation study of the
main parts of our method, some complementary quantita-
tive and qualitative results, that due to lack of space were
not included in the main manuscript.

1. Additional details on KPConv [8]
Here, we review briefly KPConv method and describe

the architecture we used in our implementation.
The input to this network is a 3D point cloud equipped

with a signal, such as the 3D coordinates of the points. Let
P ∈ RN×3 be a point cloud in R3. Let F ∈ RN×D be a
D-dimensional feature signal over P .

The goal of point cloud convolutional networks is to re-
produce the architecture of convolutional neural networks
on images. It boils down to transferring two key operations
on the point cloud structure: the convolution and the pool-
ing operators.

First, we define a convolution between F and a kernel
g at point x ∈ R3. Since we only want a signal over the
point cloud at each layer, we only need these convolutions
at x ∈ P .

The kernel will be defined as a local function centered
on 0 depending on some learnable parameters, taking a
D-dimensional feature vector as input and yielding a D′-
dimensional feature vector.

More specifically, the kernel is defined in the following
way : let r be its radius of action. Let Br3 be the correspond-
ing 3d ball. LetK be the number of points, thus the number
of parameter matrices in this kernel. Let {zk|k < K} ⊂ Br3
be these points, and {Wk|k < K} ⊂ M(D,D′)(R) be these
matrices. Then the kernel g is defined through the formula :

g(y) =
∑
k<K

h(y, zk)Wk

where we simply set h(y, z) = max(0, 1 − ‖y−z‖σ ), so
each point of the kernel has a linear influence of range σ
around it.

Method No Ref Ref
FMNet 17. 13.
PointNet 18. 14.
Old FMap 4.5 1.9
Ours 3.4 1.9

Table 1. Comparative results for the different ablations of our
method.

Then the convolution simply becomes :

(F ∗ g)(x) =
∑

i|xi∈Br
3

g(xi − x)fi

Where the learnable parameters are the matricesWk. We
set the points zk of the kernel to be uniformly organized in
Br3, so as to better encompass the variations of the convo-
luted signal at a given point of the point cloud, and a given
scale (see [8] supplementaries, Section B for more details).

For the pooling operator, we use a grid sampling that
allows us to get the point cloud at an adjustable density.
The network can then build hierarchical features over the
point clouds by both adjusting the radius of influence of
its kernels and the density of the mesh they are performed
upon.

Once these two operations are set up, it is easy to build
a convolutional feature extractor over the point cloud P . In
our work, we use the following architecture :

• Four strided convolutional blocks, each down-
sampling the point cloud to half its density, and taking
the feature space to another feature space (correspond-
ing to higher-level features) two times larger.

• Four up-sampling layers, taking the signal back on the
whole point cloud, through skipping connections fol-
lowed by 1D convolutions.

2. Ablation study
This section presents the extensive ablation study of all

the vital components of our algorithm.
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Figure 1. Comparison of convergence speed with and without Laplacian Regularization in the FMap block. Left: Training loss evolution,
Right: Evolution of geodesic error on test set with the number of epochs. Notice how the regularized fmap layer helps drastically with the
convergence speed. It gives optimal results within only 500 epochs.

We train all these ablations on 100 random shapes among
the 230K proposed by 3D-CODED, as in experiment 2. We
test them on the 20 test shapes of FAUST re-meshed, so that
the connectivity differs from train to test. The different parts
to ablate are :

• The point cloud feature extractor : as explained in the
previous sections, it learns descriptors from raw data
without relying too much on connectivity. The first
ablation consists of our method, but with FMNet [4]
feature extractor instead of ours. Similar to FMNet,
we use SHOT [9] descriptors. However, we use the
same number of eigenvectors as in our method, namely
30. As a general remark, we noticed that lowering this
number can often help prevent overfitting in the case
of FMNet-based architectures.

• The choice of KPConv [8]. The second ablation study
replaces KPConv sampling and feature extractor block
with that of PointNet [7]. For this ablation, we use
random sampling to 1500 points instead of KPConv
grid sampling. Indeed, grid sampling does not provide
any guarantee on the number of points after sampling,
so it can only be used in a network built to overcome
this issue, with batches of adaptable size, which is not
the case of PointNet.

• The regularized functional map layer. This third abla-
tion simply consists in replacing our regularized func-
tional map layer by the old functional map layer orig-
inally introduced by FMNet. Our layer is in theory
mildly heavier than the original one, but in practice
for less than 50 eigenvectors the computation times re-
main the same.

• Lastly, we remove the post-processing refinement step.
Here we show the results of every ablation with and
without refinement, thus proving it helps in getting
better results. As a refinement method, we use the

state-of-the-art ZoomOut [5], as mentioned in the main
manuscript.

Table 1 shows the ablation study of our method. It
demonstrates the importance of all individual blocks and
ascertains that all these components are needed to achieve
optimal performance with our solution.

However, just looking at the results of the ablation study
one does not see the importance of the FMap Reg addition.
To prove its efficiency, we compare the learning and evalu-
ation curves of our method, with and without this addition.
As can be seen in Figure 1, the models converge much faster
with our regularized functional map layer. The models are
trained on 100 shapes of the surreal dataset of 3D-CODED
as in Experiment 2, and tested on FAUST re-meshed.

In addition, our regularized functional map layer is more
robust, and does not result in a Cholesky Decomposition fa-
tal error when computing the spectral map. In comparison,
the previous functional map layer gave that fatal error in
some experiments, and the model had to be relaunched.

Graphically, as reported in the original functional map
paper [6], a natural functional map should be funnel shaped.
Our regularized functional map layer naturally computes
maps that almost commute with the Laplacians on the
shapes. These maps will naturally be close to diagonal ma-
trices (as are funnel shaped maps) in the eigenbasis of the
Laplacians, thus reducing the space of matrices attainable
by this layer. We believe it helps the feature extractor block
focus on setting the diagonal coefficients of the functional
map as in the ground truth, rather than on trying to get its
funnel shape in the first thousand iterations, which is what
a model with the original functional map layer does.

3. More quantitative results on Experiments 1
and 2

Figures 2 and 3 summarize the accuracy obtained by
our method and some baselines on the different settings
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Figure 2. Quantitative results of the different methods using the protocol introduced in [3], on all the settings of Experiment 1
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Geodesic error on SCAPE re-meshed (trained on 100 SURREAL shapes)
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Figure 3. Quantitative results of the different methods using the protocol introduced in [3], on two of the settings of Experiment 2. Top
row: 100 shapes (low number). Bottom row: 2000 shapes (high number).

of the two experiments we conducted, using the evaluation
protocol introduced in [3]. Note that in all cases but one
(trained on 2000 shapes of SURREAL, tested on SCAPE
re-meshed), our network achieves the best results even com-
pared to the state-of-the-art methods. As explained more
thoroughly in the main manuscript, this proves our method

is able to learn point cloud characterizations with only a
small amount of data, and by projecting these descriptors in
a spectral basis can retrieve accurate correspondences from
them. Our method does not need any template and is thus
more general than 3D-CODED, in addition to the fact that
it trains faster and does not need a big training set.
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Figure 4. Visualization of spectral descriptors learned by our method (with 2000 surreal shapes) on a test pair of SCAPE re-meshed. The
source shape is shown in the first row, and the target shape in the bottom row. Notice how the descriptors are localized and seem to highlight
one specific part of the body (first column for shoulder, second for scalp, third for right thigh, fourth for right side of the torso, fifth for
elbow).

We believe the superiority of our method with a low
number of training shapes shapes is partially due to the fact
that 3D-CODED uses a template and operated in the spatial
domain, unlike our approach which is template-free, and
partly operates in the spectral domain, making it easier to
adapt to any new category of 3D shapes.

The relatively low performance of our method on
SCAPE in Experiment 2 (see Figure 3) is due to the pres-
ence of back-bent shapes in this dataset. These shapes are
seen by the network through their truncated spectral approx-
imation, as discussed in section 4, making it unable to ex-
ploit refined features such as the face or hands, that could
help getting descriptors able to differentiate left from right.
Consequently, as there are no back-bent shapes in the train-
ing sets of this experiment, these shape are often mapped
with a left-to-right symmetry, resulting in a huge error for
these particular shapes, increasing the mean error for the
whole SCAPE test set.

4. Visualization of some descriptors learned by
our method

Our method aims at building descriptors on both input
shapes (that are often labeled source and target shapes) from
their raw point cloud data. These descriptors are then pro-
jected on the eigen basis of the respective Laplace-Beltrami
operators of the source and the target shapes. We output
these projections, that we call spectral descriptors, and we
visualize some of them in Figure 4.

It is remarkable that the descriptors learned on a para-
metric dataset such as the one used in 3D-CODED still gen-
eralize well to shapes with entirely different mesh connec-
tivity and number of points. This is made possible by two
components of our method. Firstly, it down-samples the in-
put shapes through grid sampling before building these de-
scriptor functions with convolutional neural networks. This
allows for regularity in the input point clouds at all different
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Figure 5. Qualitative results on Experiment 2 through texture transfer, showing cases where our method is the only one that can give good
correspondence with only 100 training shapes.

hierarchies (see Figure 6 for an example of such grid sam-
pling). Secondly, the spectral projections take these point
cloud descriptions to the shapes intrinsic space, adding
some comprehensive surface-related information without
depending too much on the connectivity, like with SHOT
descriptors. Without this intrinsic translation, the network
could have trouble differentiating two geometric compo-
nents close in euclidean space, such as for instance the arms
in mesh 25 of Figure 4.

Additionally, these descriptors seem to capture some
segmentation information, such as for instance head, arms,
body and legs for humans, as can be observed in Figure 4.
More precise or complex descriptors such as hand or facial
descriptors can not appear with only 30 eigen vectors. It
is due to the fact that a spectral reconstruction of a human
shape with only 30 eigenvectors does not show small de-
tails such as hands, feet or facial features. One would need
to push the number of eigenvectors above 100 to see such
descriptors appear, and used correctly by the algorithm to
produce even better correspondences. However, this could
also more easily lead to overfitting.

5. Additional Texture transfer on SHREC’19
re-meshed

In Figure 5 are shown additional qualitative results of
our method (with and without Zoomout refinement [5]), 3D
coded [1], FMNet [4] and Unsupervised FMNet [2] (with
and without PMF refinement [10]), trained on respectively
2000 and 100 shapes, as presented in the Results section,
Experiment 2, of the main manuscript.

These results show again the failure of FMNet, due to
the change in connectivity. It can be seen more thoroughly
in the quantitative graphs provided in Figure 3.

This pair of shapes in Figure 5 represents a challeng-
ing case for both 3D-CODED and our method. Indeed,
these networks are not rotation invariant, as discussed in
the implementation section of the main manuscript. Here,
the source shape is bent over and its head is really low com-
pared with the rest of the body. 3D-CODED and our method
are made robust to rotation around the vertical axis through
data augmentation, but here the source shape is slightly ro-
tated along another axis. As we can see, this resulted in poor



Supervised 
Loss

f-map
Ground-truth 

f-map

Descriptors
hierarchical 
Point Clouds

Shapes

CNN

CNN

Figure 6. Pipeline of our method: 1) Down-sample source and target shapes with grid sampling (providing the pooling at different scales).
2) Learning point cloud characterizations and project them in the Laplace-Beltrami eigen basis. 3) Compute the functional map from
source and target spectral descriptors, with our regularized fmap layer. 4) Compute the loss by comparing the computed functional map
with the ground truth map.

reconstructions in the case of 3D-CODED algorithm, even
with 2000 training shapes, whereas our method was able to
yield good results with both a high and a low number of
shapes.

6. General Pipeline

We also provide a visual illustration of our general
pipeline in Figure 6 to complement the textual description
of our method provided in the main manuscript.
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