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Introduced in 2012
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Introduced in 2012

Extensively studied for the past decade
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1 Intuition



Background Tum

Rigid alignment constraint is a 4x4 matrix Non-rigid, no compact constraint

Ovsjanikov, M., Corman, E., Bronstein, M., Rodola, E., Ben-Chen, M., Guibas, L., ... & Bronstein, A. (2016).

Computing and processing correspondences with functional maps. In SIGGRAPH ASIA 2016 Courses (pp. 1-60). 8



Solution Space TI.ITI

Ovsjanikov, M., Corman, E., Bronstein, M., Rodola, E., Ben-Chen, M., Guibas, L., ... & Bronstein, A. (2016).

Computing and processing correspondences with functional maps. In SIGGRAPH ASIA 2016 Courses (pp. 1-60). ?



1D Continuous Fourier Analysis

F=a0 *¢p0+al *¢pl + -

http://www.ritchievink.com/blog/2017/04/23/understanding-the-fourier-transform-by-example/
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Fourier Image analysis:

Discretized 2D Grid / Image

Rippel, O., Snoek, J., & Adams, R. P. (2015). Spectral representations for convolutional neural
networks. Advances in neural information processing systems, 28.
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Fully encodes image information into frequency coefficients

T
8

https://medium.com/crossmi/fourier-transformation-in-image-processing-84142263d734
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Image compression:

ated coefficients to only low frequency
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From coefficients to reconstructed image

Each column
vector represents
an entire image

Fourier Basis

Functions are
orthogonal
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From an image, project to spectral coefficients
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Same idea to 3d shape correspondence?
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Eigenfunctions of the Laplace-Beltrami Operator
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Eigenfunctions of the Laplace-Beltrami Operator

They are also orthogonal
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https://youtu.be/wvJAgrUBF4w

Chladni plate patterns
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Goal:

Given two shapes, encode correspondence into a small matrix accurately

Point map/ permutation matrix

Can transfer/pull functions(colors/texture) from one shape to another







A functional map
is a rank-k
approximation of
a point map
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A functional map
is a rank-k
approximation of
a point map
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A functional map
is a rank-k
approximation of
a point map
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Texture One is ground truth point map TI.ITI
transfer One is functional map

Can you tell?
example y
'._..
30x30
functional map
Source
Sharp, N., Attaiki, S., Crane, K., & Ovsjanikov, M. (2022). Diffusionnet: Discretization agnostic learning on surfaces. ACM 42

Transactions on Graphics (TOG), 41(3), 1-16.
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150 Does it make 30x30
Basis coefficients sense? functional map

Sharp, N., Attaiki, S., Crane, K., & Ovsjanikov, M. (2022). Diffusionnet: Discretization agnostic learning on surfaces. ACM 43

Transactions on Graphics (TOG), 41(3), 1-16.



2 Functional map
Fundamentals



Functional Maps TI.ITI

C=al.P. &,

Approximation
of Point Map
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Functional Maps

Approximation
of Point Map

Focus on the elements of
the matrix

Focus on the input and
output of the matrix
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Focus on the input and
output of the matrix

£

L

A point map transfer functions between
two shapes
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Focus on the input and
output of the matrix
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Focus on the input and
output of the matrix
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Focus on the input and
output of the matrix
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Focus on the input and
output of the matrix

¥
!

A functional map translates coefficients of
functions between two shapes
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Focus on the input and

output of the matrix

[
. w
A functional map translates coefficients of functions between two shapes

b=C-a

TUTI

Spatial
domain

Spectral
domain

56



Functional Maps

Approximation
of Point Map

Focus on the elements of
the matrix

H
!

b=C-a

Translates coefficients
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Functional Maps

Approximation
of Point Map

Focus on the elements of
the matrix

H
!

b=C-a

Translates coefficients
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Each column
is a coeffieint
of the target
basis
function
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Functional Maps

Approximation
of Point Map

...l = ; Em !-.
m " m s
C = ®l - By,

Columns are coefficients of target basis

1

b=C-a

Translates coefficients

62



Functional Maps

Approximation
of Point Map

...l = ; Em !-.
m " m s
C = ®l - By,

Columns are coefficients of target basis

1

b=C-a

Translates coefficients
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Functional map aligns basis functions

Each column is the coeffieint that
combines into the target basis
function

A functional map are coefficients
that aligns two sets of basis
functions together
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Functional map aligns basis functions
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Functional map aligns basis functions TI.ITI
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Functional Maps

Approximation

of Point Map
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Columns are coefficients of target basis
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Translates coefficients

b, -C =

Aligns Bases

(I)2a
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Functional Maps

Approximation

of Point Map
[ ]|
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Columns are coefficients of target basis

Translates coefficients

b, -C =

Aligns Bases

(I)2a

70






n o n o
8 ” 8§ & 8 3 & S 3
—
10000.444_
P

l
I

72



Properties of the eigenfunctions of the LBO TI_ITI

Ap; = N\i¢; A(f) = —divV(f)

Unstable under perturbations:

» Sign flipping
» Eigenfunction order changes

But:
= A1=26 X=34 MA3=51 M=T76
» Space spanned by the top basis functions

are stable under near-isometries

Ovsjanikov, M., Corman, E., Bronstein, M., Rodola, E., Ben-Chen, M., Guibas, L., ... & Bronstein, A. (2016). Computing and processing 77
correspondences with functional maps. In SIGGRAPH ASIA 2016 Courses (pp. 1-60).



Definition of the Functional Map matrix TI_ITI

For a fixed choice of basis functions {¢M}, {QbN }, and a
linear transformation 7% between functions, a functional map

is a matrix C, s.t. forany f = ) . aiqﬁzM if T(f)=>,0b; f\[
then: b =Ca

C;; @ coefficient of T (gb;\/[) in the basis of ¢i\/— /

In an orthonormal basis: Cj; = / Tr ((b}M )(b'z'v du
N

Ovsjanikov, M., Corman, E., Bronstein, M., Rodola, E., Ben-Chen, M., Guibas, L., ... & Bronstein, A. (2016). Computing and processing
correspondences with functional maps. In SIGGRAPH ASIA 2016 Courses (pp. 1-60).

78
https://en.wikipedia.org/wiki/Linear_algebra



Definition of the Functional Map matrix

b=C -a

* Functional Map translates function coefficients

from one space to another

https://en.wikipedia.org/wiki/Linear_algebra
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Definition of the Functional Map matrix

Given two shapes with n ¢, nar points and a map: 7 : N — M

T :np X naq  matrix encoding the map T,
one 1 per column with zeros everywhere else.

If functions are represented in the reduced basis:

Dar i nag X kaq matrix of the first k , 4 eigenfunctions of A as columns.

Dar s X kar matrix of the first ks eigenfunctions of A s as columns.

The functional map matrix:

C = @}C—TT(I) M *: left pseudo-inverse.

80



Definition of the Functional Map matrix

* Functional Map are rank-k approximations of a

Point Map under two basis functions

81



Structure of the Functional Map matrix TI.ITI

0
. 50+ '-.':x';‘,f?:i' .
Sparsity Pattern: L TORE
i
100} R S
» Over 94% of the values are below 0.1 150l
» Diagonally funnel-shaped 2001
250
300 ) N N L L F v
0 50 100 150 200 250 300

Ovsjanikov, M., Ben-Chen, M., Solomon, J., Butscher, A., & Guibas, L. (2012). Functional maps: a flexible

representation of maps between shapes. ACM Transactions on Graphics (ToG), 31(4), 1-11. 82



Structure of the Functional Map matrix TI.ITI

High-frequency perturbations: 0
« Due to high-frequency eigenfunction swaps | *,

100 -

But: 1901

« Space spanned by the eigenfunctions are stable o

250

« the functional representation naturally encodes

300 : : . . IR )
such changes 0 50 100 150 200 250 300

Ovsjanikov, M., Ben-Chen, M., Solomon, J., Butscher, A., & Guibas, L. (2012). Functional maps: a flexible

representation of maps between shapes. ACM Transactions on Graphics (ToG), 31(4), 1-11. 83



Accuracy of the Functional Map

Geodesic Distance:

Length of the shortest path, constrained not to leave

the manifold.

https://groups.csail.mit.edu/gdpgroup/6838 spring_2021.html
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Accuracy of the Functional Map TI.ITI

catX —> cat0 functional map errors

017,
“ = = = cat2 weighted LB
0.09}F cat2 unweighted LB
cat6 weighted LB
0.08 1y cat6 unweighted LB
i = = = cat1 weighted LB
5 0.07Hk cat1 unweighted LB
E i cat10 weighted LB
© 006 ¥ ) cat10 unweighted LB
. . 2 e
Average mapping error vs. number of basis used 2 oosl]
o "
2 0.04F s
: : 2 0.03} '
* In practice, somewhere between 20 to 100 basis B
0.02} w v,,,.\\\
_ \ T
are sufficient 001} \M:*
T e o e e e e e e
% 50 100 150 200 250 300

Number of eigenvectors in the representation

w xles

(a) target (b) Catl0 (c) Catl (d) Car2 (e) Cat6

Ovsjanikov, M., Ben-Chen, M., Solomon, J., Butscher, A., & Guibas, L. (2012). Functional maps: a flexible
representation of maps between shapes. ACM Transactions on Graphics (ToG), 31(4), 1-11.
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Properties of Functional Maps TI.ITI

The mapping is isometric, if and only if the functional
map matrix commutes with the Laplacian:

CApm = ApNC

Implies that isometries result in diagonal functional maps.

The mapping is locally volume preserving, if and only
if the functional map matrix is orthonormal.

Ovsjanikov, M., Corman, E., Bronstein, M., Rodola, E., Ben-Chen, M., Guibas, L., ... & Bronstein, A. (2016). Computing and processing
correspondences with functional maps. In SIGGRAPH ASIA 2016 Courses (pp. 1-60).



Properties of Functional Maps

« Good Functional Maps are diagonal

* Good Functional Maps are orthonormal

87



Properties of Functional Maps TI.ITI

Functional Map algebra

1. Map composition becomes matrix multiplication.
2. Map inversion is matrix inversion (in fact, transpose).

3. Algebraic operations on functional maps are possible.

E.g. interpolating between two maps with
C=aC; +(1-a)C,.

(a)a=0 (b)a=025 (c) a=05(d) a=0.75 (e¢) a=1

Ovsjanikov, M., Corman, E., Bronstein, M., Rodola, E., Ben-Chen, M., Guibas, L., ... & Bronstein, A. (2016). Computing and processing
correspondences with functional maps. In SIGGRAPH ASIA 2016 Courses (pp. 1-60).
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3 Historical Background



Background TUm

Rigid alignment constraint is a 4x4 matrix Non-rigid, no compact constraint

Ovsjanikov, M., Corman, E., Bronstein, M., Rodola, E., Ben-Chen, M., Guibas, L., ... & Bronstein, A. (2016). 92
Computing and processing correspondences with functional maps. In SIGGRAPH ASIA 2016 Courses (pp. 1-60).



Spectral Rigid Alignment TUTI

Rigid alignment constraint is a 4x4 matrix Non-rigid, spectral rigid alignment
constraint is a kxk matrix

Ovsjanikov, M., Corman, E., Bronstein, M., Rodola, E., Ben-Chen, M., Guibas, L., ... & Bronstein, A. (2016). 94
Computing and processing correspondences with functional maps. In SIGGRAPH ASIA 2016 Courses (pp. 1-60).



Spectral Rigid Alignment TUTI

Rigid Non-rigid
4x4 Rt kxk C
N [ H
aligns aligns
Xyz spectral B
coordinates embeddings a
| |

Ovsjanikov, M., Corman, E., Bronstein, M., Rodola, E., Ben-Chen, M., Guibas, L., ... & Bronstein, A. (2016). 95
Computing and processing correspondences with functional maps. In SIGGRAPH ASIA 2016 Courses (pp. 1-60).



Spectral Rigid Alignment

4x4 Rt

aligns
Xyz _
coordinates _

Ovsjanikov, M., Corman, E., Bronstein, M., Rodola, E., Ben-Chen, M., Guibas, L., ... & Bronstein, A. (2016).
Computing and processing correspondences with functional maps. In SIGGRAPH ASIA 2016 Courses (pp. 1-60).

Non-rigid
kxk C
m =
aligns : H
spectral o .

embeddings
|
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Spectral Rigid Alignment

4x4 Rt

aligns St
Xyz | :
coordinates | . Y

Ovsjanikov, M., Corman, E., Bronstein, M., Rodola, E., Ben-Chen, M., Guibas, L., ... & Bronstein, A. (2016). 97
Computing and processing correspondences with functional maps. In SIGGRAPH ASIA 2016 Courses (pp. 1-60).
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Solution Space TI.ITI

'-

TTTTrT

= AM=26 X=34 A3=51 M=76

107



4 Applications



Introduced in 2012

Extensively studied for the past decade
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[Eisenberger et al. 2020]

https://groups.csail.mit.edu/gdpgroup/6838 spring_2021.html
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[Wang et al. 2013]

[Cao et al. 2023]
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... and more
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Applications

Input: 2 X 2 may
it i

ZoomOuT

|
|

Output: Refined map

correspondence

[Melzi et al. 2019]

5 4

)
!
Map Refinement

2018

2012

2017

Donati et al. 2020

®
. ﬁ\/ N 2020

[Litany et al. 2017]

FAUST [Bogo
etal.’14]

TOSCA [Bronstein
etal. ‘08]

SCAPE [Anguelov
et al. ‘05]

Shape Matching |
Deep Funtional Maps

2020

Feature
Extractor

We explicitly model the relationship between functional map and point-wise map

[Cao et al. 2023]
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Map Refinement: ICP

Iteration 0

Map Refinement

2012

Initial Map:

1. Correspondence
(Point Map)
2. Rigid Alignment

(Functional Map)

112



Map Refinement: ICP TI.ITI

= [Sahillioglu and Yemez 2011]
I [Sahillioglu and Yemez 2011] + Fmap

: = [Kim et al. 2011]
Map Refinement
° I [Kim et al. 2011] + Fmap
100 100
920 90
» 80 ® 80
8 8
c c
[ [}
T 60 T 60f
c c
g_ 50 e [Sahillioglu and Yemez 2011] g_ 501 e [Sahillioglu and Yemez 2011]
7] W [Sahillioglu and Yemez 2011] + Fmap| 7] W [Sahillioglu and Yemez 2011] + Fmap
g s —— [Kim et al. 2011] o Ll —— [Kim et al. 2011]
) m— [Kim et al. 2011] + Fmap ‘O- mm— [Kim et al. 2011] + Fmap
O a0 O ol
. * 2
Source Baseline After = »
10 10
00 0.65 0.1 0.15 0.2 0.25 00 0.05 0.1 0.15 0.2 0.25
Geodesic Error Geodesic Error

Color Error Visualization
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Map Refinement

\U/

£: ,8
y K 2018 2020
B/\\ : ° °
e dpen e BCICP 201 9
Map Refinement —
. l ﬁ,i .8
2012 Eeeiee
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Map Refinement TI.ITI

2018

{ U) Improved pointwise map recovery
“ " v BCICP

n ’ 1. Detect/remove outliers
: \ 2. Improve coverage
3. Improve continuity

4. Promote bijectivity
5. Refine in the spectral domain

Map Refinement

A Source Initial Map

Refined Map

Continuous and Orientation-preserving Correspondences via Functional X
Maps, |. Ren, A. Poulenard, P. Wonka, M. O., SIGGRAPH Asia 2018 .

Advanced, but complicated
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Map Refinement TI.ITI

xxxxx

1
2 2 s i
H ? . A 2018 2020
ﬁ/\ / o o [ J

Map Refinement

2012

Simple, effective

Melzi, S., Ren, J., Rodola, E., Sharma, A., Wonka, P., & Ovsjanikov, M. (2019). Zoomout: Spectral upsampling 41¢
for efficient shape correspondence. arXiv preprint arXiv:1904.07865.



Map Refinement:
ZoomOut TI-ITI

Map Refinement

Iteration 0 2019
Source Ini: 4 X 4 zoom
iy =4.3K
Initial Map: "
while spectrally upsampling M E n
1. Correspondence
Target
(Point Map) n =10K
» /

2. Rigid Alignment ’\.J
(Functional Map) Q
Melzi, S., Ren, J.,

Rbdola, E., Sharma, A., Wonka, P., & Ovsjanikov, M. (2019). Zoomout: Spectral upsampling 117
for efficient shape correspondence. arXiv preprint arXiv:1904.07865.




Source Ini: 4 X 4 ZoomOUt 20 X 20 Z°°m0ut

ZoomOut

ﬁﬂﬂﬂﬂ%
TR

Map Refmement

Map Refinement: TI.ITI

2019

-, 2

Melzi, § Renz, A R’odola‘: E., S%arma, A., Wonka, P., & Ovsjanikov, M. (2019). Zoomout: Spectral upsampling 14g
for efficient shape correspondence. arXiv preprint arXiv:1904.07865.



Map Refinement:
ZoomOut TI-ITI

Avg error over iterations

0.07
HO.O6
§005 Source Ini: 4 X 4 200m0ut 2><20 Ogglg%to
LS - R E R T
50,04 [NKT et el ot |
:.a n =10K
5003 |- R g g g o o
g | [ - ICP20 ICP40
g0.0Z ICP50 = o ICP60 Map Reflnement
<:0.01 | | = ICP80 .. .. ICP100

mem Oursg) 100 | | | 2019
0 T T T I
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#Iterations

Melzi, S., Ren, J., Rodola, E., Sharma, A., Wonka, P., & Ovsjanikov, M. (2019). Zoomout: Spectral upsampling 419
for efficient shape correspondence. arXiv preprint arXiv:1904.07865.



Map Refinement: TI.ITI
Source Ini: 4 X 4 zoomOut 20 X 20 zoomOut
ZoomOut

mnnﬂmw

Target

n = 10K
Map Reflnement
2019
0.1 T i T 500 | I

= ICP
—
— S~—
it - g Ours
% 0.05 [ - 5250 =
<

o | | | 0 |
0 5 10 15 20 0 5 10 15 20
Mesh resolution (X103) Mesh resolution (X103)

Melzi, S., Ren, J., Rodola, E., Sharma, A., Wonka, P., & Ovsjanikov, M. (2019). Zoomout: Spectral upsampling 459
for efficient shape correspondence. arXiv preprint arXiv:1904.07865.



Applications

Input: 2 X 2 may
it i

ZoomOuT

|
|

Output: Refined map

correspondence

[Melzi et al. 2019]

5 4
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Map Refinement

2018

2012

2017

Donati et al. 2020

®
. ﬁ\/ N 2020

[Litany et al. 2017]

FAUST [Bogo
etal.’14]

TOSCA [Bronstein
etal. ‘08]

SCAPE [Anguelov
et al. ‘05]

Shape Matching |
Deep Funtional Maps

2020

Feature
Extractor

We explicitly model the relationship between functional map and point-wise map

[Cao et al. 2023]
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Shape Matching

tA

FAUST [Bogo TOSCA [Bronstein SCAPE [Anguelov
etal.’14] etal.“08] etal. “05]

Shape Matching

Given two shapes, find a map

-
‘

R
i .
b=C-a

Translates coefficients
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Shape Matching

A

FAUST [Bogo TOSCA [Bronstein SCAPE [Anguelov
etal.’14] etal.“08] etal. “05]

Shape Matching

Given two shapes, find a map

Given a pair of shapes M, N :

TUTI

1. Compute the first k (~80-100) eigenfunctions of the Laplace-

Beltrami operator. Store them in matrices: D pq, Do

2. Compute descriptor functions (e.g., Wave Kernel Signature)
on M, N. Express them in ® ¢, P, as columns of : A, B

3. Solve Cypy = argmin |[CA — B|? + [|[CAr — ANC|?
c

A, Ay : diagonal matrices of eigenvalues

of LB operator

4. Convert the functional map Copt
to a point to point map T.
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Shape Matching ‘ TI
-

2012 1. Feature Descriptors

FAUST [Bogo TOSCA [Bronstein SCAPE [Anguelov

etal. "14] etal. ‘08] etal. ‘05]
Shape Matching ! 2. Feature coefficients !

Given two shapes, find a map
H
3. Solve - and some
' l. regularization
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Shape Matching

SCAPE [Anguelov
et al. ‘05]

FAUST [Bogo
etal.’14]

TOSCA [Bronstein
et al. ‘08]

Shape Matching

Functional maps Sym

= = = Functional maps

== [Kim et al. 2011] Sym

= = = [Kim et al. 2011]

== [Sahillioglu and Yemez 2011] Sym
= = = [Sahillioglu and Yemez 2011]

% Correspondences

Target 1
100
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Table 3. Near-isometric shape matching and cross-dataset generalisation on FAUST, SCAPE and SHREC’19. The numbers in parentheses show

refined results using the indicated post-processing technique. The best results in each column are highlighted. Our method outperforms previous axiomatic, m
supervised and unsupervised methods in most settings without any post-processing techniques and demonstrates better cross-dataset generalisation ability

(see columns in which Train and Test are different).

Train FAUST SCAPE FAUST + SCAPE
Test FAUST SCAPE SHREC’19 FAUST SCAPE SHREC’19 FAUST SCAPE SHREC’19
Axiomatic Methods
BCICP 6.1 11.0 - 6.1 11.0 - 6.1 11.0 -
ZoomOut 6.1 7.5 - 6.1 7.5 - 6.1 7.5 -
Smooth Shells 2.5 4.7 - 2.5 4.7 - 2.5 4.7 -
DiscreteOp 5.6 13.1 - 5.6 13.1 - 5.6 13.1 .
Supervised Methods
FMNet (+ pmf) 11.0 (5.9)  30.0 (11.0) - 33.0 (14.0)  17.0 (6.3) - - - -
3D-CODED 2.5 31.0 - 33.0 31.0 - - - -
HSN 3.3 25.4 - 16.7 3.5 - - - -
ACSCNN 2.7 8.4 - 6.0 3.2 - - - -
GeomFMaps (+ zoomout) 2.6 (1.9)  3.4(2.4) 9.9 (7.9) 3.0 (1.9) 3.0 (2.4) 12.2 (9.8) 2.6 (1.9) 2.9 (2.4) 7.9 (7.5)
TransMatch 1.7 30.4 14.5 15.5 12.0 37.5 1.6 11.7 10.9
Unsupervised Methods
SURFMNet (+ icp) 15.0 (7.4)  32.0 (19.0) - 32.0(23.0) 120 (6.1) - 33.0 (23.0)  29.0 (17.0) -
UnsupFMNet (+ pmf) 10.0 (5.7)  29.0 (12.0) - 22.0 (9.3)  16.0 (10.0) - 11.0(6.7)  13.0 (8.3) .
WSupFMNet (+ zoomout) 3.8 (1.9)  4.8(2.7) - 3.6 (1.9) 4.4 (2.6) - 3.6 (1.9) 4.5 (2.6) -
Deep Shells 1.7 5.4 27.4 2.7 2.5 234 1.6 2.4 21.1
NeuroMorph 8.5 28.5 26.3 18.2 29.9 27.6 9.1 27.3 25.3
ConsistFMaps 1.5 3.2 19.7 3.2 2.0 28.3 1.7 3.2 17.8
DUO-FMNet 2.5 4.2 6.4 2.7 2.6 8.4 2.5 4.3 6.4
AttentiveFMaps 1.9 2.6 6.4 2.2 2.2 9.9 1.9 2.3 5.8
AttentiveFMaps-Fast 1.9 2.6 5.8 1.9 2.1 8.1 1.9 2.3 6.3
Ours 1.6 2.2 5.7 1.6 1.9 6.7 1.6 2.1 4.6
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Table 5. Topological noise on TOPKIDS. Our method is more robust to

topological noise compared to existing methods.

Geo. error (xX100) TOPKIDS Fully intrinsic
Axiomatic Methods
ZoomOut 33.7 v
Smooth Shells 11.8 X
DiscreteOp 35.5 v
Unsupervised Methods
UnsupFMNet 38.5 v
SURFMNet 48.6 v
WSupFMNet 47.9 v
Deep Shells 13.7 X
NeuroMorph 13.8 X
ConsistFMaps 39.3 v
AttentiveFMaps 234 v
AttentiveFMaps-Fast 28.5 v
Ours 9.2 v

TUTI

Table 6. Non-isometric matching on SMAL and DT4D-H. Our method
sets to new state of the art on the SMAL dataset by a large margin. For DT4D-
H inter-class matching, our method is the first unsupervised method that
shows comparable performance to the state-of-the-art supervised method.

Geo. error (X100) SMAL DT4D-H
intra-class inter-class

Axiomatic Methods

ZoomOut 38.4 4.0 29.0

Smooth Shells 36.1 1.1 6.3

DiscreteOp 38.1 3.6 27.6
Supervised Methods

FMNet 42.0 9.6 38.0

GeomFMaps 8.4 2.1 4.1

Unsupervised Methods

WSupFMNet 7.6 3.3 22.6

Deep Shells 293 3.4 31.1

DUO-FMNet 6.7 2.6 15.8

AttentiveFMaps 5.4 1.7 11.6

AttentiveFMaps-Fast 5.8 1.2 14.6

Ours 3.9 0.9 4.1
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1. Partiality, Non-isometry, Topological Noise
2. Non-rigid Noisy Point Cloud

3. Runtime (eigen problem 1~2 seconds)

4. Unsupervised feature learning

5. ...
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