Supplement: Unsupervised Deep Learning for Structured Shape Matching

1. Supplement
A. Correlation with actual geodesic loss

To support the claim made in the subsection ’Evaluation
and Results’, we include a plot here to visualize the cor-
relation between our loss and the actual geodesic loss. As
evident in Figure[l] there is a strong correlation between our
loss value and the quality of correspondence as measured by
average geodesic error.
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Figure 1: Correlation with average geodesic loss computed
from ground truth correspondences.

B. Detailed Tabular Quantitative Comparison

Besides the average geodesic error reported for quanti-
tative comparison in Figures 3 and 4, we provide detailed
statistics in Table[I] Note that Table[I] also includes "Fmap
Ours Opt’ which is equivalent to “Fmap Basic” but uses
the learned descriptors instead of original ones. Its compet-
itive performance across all datasets proves quantitatively
the utility of learning descriptors. Figures [7] and [§] illus-
trate this further. For completeness, in Table[2] we also pro-
vide a detailed ablation study with different combinations
of penalties.

C. Sensitivity to number of basis functions

Figure [2] shows the sensitivity of our network SURFM-
Net on the SCAPE remeshed dataset as the number of eigen
functions are varied from 20 to 150. We train the network
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each time with 10000 mini batch steps. As evident, we
obtain best result using 120. However, when trained on
an individual dataset and tested on a different one, we see
over-fitting when using a large eigen-basis. We attribute
this phenomenon to the initialization of our descriptors with
SHOT which is a very local descriptor and is not robust to
very strong mesh variability. However, over-fitting is mini-
mal when we train together on a relatively larger subset of
SCAPE and FAUST and test on a different subset of shapes
from both datasets, with smaller eigen basis.
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Figure 2: Accuracy of our method on the SCAPE remeshed
dataset as the number of eigenfunctions is varied from 20 to
150.

D. More Qualitative Comparison

In Figures [5| and [f] we provide more qualitative com-
parisons of SURFMNet on the FAUST remeshed datasets
whereas Figures 3 and {4 provide a comparison on the
SCAPE remeshed dataset. In all cases, our method pro-
duces the highest quality maps.



(Results are x1073)
Supervised Methods
FMNet

SURFMNet Subset
FMNet + PMF
SURFMNet-sub + PMF
FMNet + ICP
SURFMNet-sub + ICP
GCNN

Unsupervised Methods
BCICP

PMF (Gaussian Kernel)
PMF (Heat Kernel)
Fmap Basic

Fmap Ours Opt
SURFMNet-all

Table 1: Quantitative comparison on all three benchmark datasets for shape correspondence problem.
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5.33
11.16
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73.18
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Table 2: Ablation study of penalty terms in our method and comparison with the supervised FMNet on the FAUST benchmark.
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Figure 3: Comparison of our method with Unsupervised methods for texture transfer on the SCAPE remeshed dataset.
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Figure 4: Comparison of our method with Supervised methods for texture transfer on the SCAPE remeshed dataset.
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Figure 5: Comparison of our method with Unsupervised methods for texture transfer on the FAUST remeshed dataset. Note
that BCICP is roughly 7 times slower when compared to our method. We highlight the shortcomings of BCICP matching
with red circles.
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Figure 6: Comparison of our method with Supervised methods for texture transfer on the FAUST remeshed dataset.
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Figure 7: Quantitative evaluation of pointwise correspondences comparing our method with Supervised Methods.
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Figure 8: Quantitative evaluation of pointwise correspondences comparing our method with Unsupervised Methods.
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