Learning geometry
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Vetter & Blanz, A morphable model for the synthesis of 3D faces, Siggraph 1999



Learning using Axiomatic Knowledge

“Richardson Sela Or-El K. CYPR' 17'



Learning using Axiomatic Knowledge
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Learning using Axiomatic Knowledge

We know how to model faces

Richardson Sela Or-El K. CVPR'17
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Richardson Sela K. ICCV 2017



Shamai, Slossberg, K. 2018/2019 Synthesizing photometries and geometries with GANs & &%



Synthesizing Expressions

Shamai, Slossberg, K. 2018/2019 Synthesizing photometries and geometries with GANs & &%



Y \
v‘., .:‘».“ ‘
T < 2%
NS =f
e ST ) g
. '

Shamai, Slossberg, K. 2018/2019 Synthesizing photometries and geometries w 5ANS & i



2D embedding identities
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Training iterations (GAN)

Shamai, Slossberg, K. 2018/2019 Synthesizing photometries and geometries with GANs & &%



The Lokey Cente
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Artificial Intelligence Algorithms to Assess Hormonal Status
From Tissue Microarrays in Patients With Breast Cancer

Technion

Israel Institute of Technology

Geometric Image Processing lab
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Artificial Intelligence Algorithms to Assess Hormonal Status
From Tissue Microarrays in Patients With Breast Cancer

Gil Shamai, MSc; Yoav Binenbaum, MD, PhD; Ron Slossberg, MSc; Irit Duek, MD; Ziv Gil, MD, PhD; Ron Kimmel, DSc
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GROUNDBREAKING AI-BASED CANCER
TREATMENT DEVELOPED BY ISRAELI
RESEARCHERS

By LEON SVERDLOV

The new technology allows Al to pemg.
identify molecular features of cancer  ~ "
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Differential Signatures

= Euclidean invariant signature {SaK(S)}




Differential Signatures

= Euclidean invariant signature {SaK(S)}
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Learning invariants

— Network-Invariant

- Fucledian-Curvature

Pai Wetzler K. ICLR 2017



Deep Eikonal solvers

Vu(z)|=1, xe€Q\T
u(x) =0, xe€l

Local numerical approximations using neural networks

Easy to extend the support
Approximation is learned from analytically known solutions

Po P10 p11

Lichtenstein, Pai, K., SSVM 2019 - Best Student Paper Award



On the evolution of

accuracy/complexity

= Fast Marching (quasi-linear complexity) ~ O(n)

Regular grids
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Results for Cartesian grids
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Inter-dataset generalization

Ezxact Ours FMM Qurs

Lichtenstein, Pai, K., SSVM 2019 - Best Student Paper Award



Order of accuracy
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Lichtenstein, Pai, K., SSVM 2019 - Best Student Paper Award



Momenet

Algebraic 3D moment High order Deep . .
invariants as invariants NN NN PointNet ~ Momenet
1903 1980 1987 2010 2017 2019

Geometric moments -
Given a set of points P C R? and Pi = (T4, Yi, 2i)” € P

1 mn
1st moments P = (f,g,Z)T — ﬁ sz’
=

2"d moments - DiD;

Young. The algebra of invariants, 1903

Hall. Three-dimensional moment invariants. PAMI, 1980

Maxwell, Learning, invariance, and generalization in high-order neural networks. Applied optics, 1987
Su, Mo, Guibas. Pointnet: Deep learning on point sets. CVPR'17

Joseph-Rivlin, Zvirin, K., GMDL workshop, ICCV'19



Moments
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Young. The algebra of invariants, 1903

Hall. Three-dimensional moment invariants. PAMI, 1980

Maxwell, Learning, invariance, and generalization in high-order neural networks. Applied optics, 1987
Su, Mo, Guibas. Pointnet: Deep learning on point sets. CVPR'17

Joseph-Rivlin, Zvirin, K., GMDL workshop, ICCV'19



PointNet

vy c R1024

(i, Yi, 2i) v; € R10#4

(ns Yns 2n) v, € R

Max-Pool oeoo

Su, Mo, Guibas. CVPR'17
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Joseph-Rivlin, Zvirin, K., Flavor the moments, GMDL workshop, ICCV'19



Results on ModelNet40

Memory Inference Overall
(MB) Time Accuracy (%)
(msec)
PointNet 40 5.6 89.2
PointNet(baseline) 20 5.1 87.9
Momen®t 20 5.1 89.6
PointNet++ 12 10.4 90.7
DGCNN 21 17.3 92.2
PCNN 14 54.1 92.3
Momen®t (+kNN) 21 9.6 92.4

Wu, et al.. 3D shapenets. CVPR2015.
Wang et al. . Dynamic graph CNN. Arxiv 2018,
Atzmon, Maron, & Lipman. Point convolutional NN. ACM T Graph. 2018

Joseph-Rivlin, Zvirin, K., Flavor the moments, GMDL workshop, ICCV'19
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Manifold vs. Riemannian Manifold




Shapes as metric spaces

dGH( ) < dam (&S x

MDS,GMDS,SGMDS,GDD, PCA, RPC A
F-Maps, FM-Net, GMDS-Net, SF-Maps
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Functional Maps

YV~ PX

Ovsjanikov et al. 2012
Litany, Remez, Rodola, A Bronstein, M Bronstein ICCV'17

Halimi, Litany, Rodola, Bronstein, K. CVPR'19
Roufosse, Sharma, Ovsjanikov, ICCV'19



Functional Maps-Net

Lup(X, D) = > Y pigd3 (5, 7 (i)

1€eX jEY

Ovsjanikov et al. 2012
Litany, Remez, Rodola, A Bronstein, M Bronstein ICCV'17

Halimi, Litany, Rodold, Bronstein, K. CVPR'19
Roufosse, Sharma, Ovsjanikov, ICCV'19



4 Unsupervised
@ ™. Functional Maps-Net
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Ovsjanikov et al. 2012
Litany, Remez, Rodola, A Bronstein, M Bronstein ICCV'17

Halimi, Litany, Rodola, Bronstein, K. CVPR'19
Roufosse, Sharma, Ovsjanikov, ICCV'19



Generalization
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Halimi, Litany, Rodold, Bronstein, K. CVPR'19
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Halimi, Litany, Rodola, Bronstein, K. CVPR'19



Manifold vs. Riemannian Manifolds
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Scale invariance?

— g\)

d6 = xlds

Aflalo Raviv K. SIAM IS



Surface Laplacian




Eigenfunctions

gij : <Sw7:7 Swj> _Agwi = A

Halimi & K. 2018



Self functional maps

Halimi & K. 2018



Halimi & K. 2018



Halimi & K. 2018



Halimi & K. 2018



Unsupervised
Functional Maps-Net

luns(xay) — ||DX _PDyPTH

Ovsjanikov et al. 2012
Litany, Remez, Rodola, A Bronstein, M Bronstein ICCV'17

Halimi, Litany, Rodola, A Bronstein, K. CVPR'19
Roufosse, Sharma, Ovsjanikov, ICCV'19



Aligning scale-invariant
LBO eigenfunctions

luns(xay) — ||DX _PDyPTH

Bracha, Halimi, K. 3DOR'20



Before

Bracha, Halimi,
K. 3DOR20
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