GEOMETRIC PARTIAL DIFFERENTIAL =
Eouations IN DEer LEARNING &
IMAGE PROCESSING




GEOMETRIC PARTIAL DIFFERENTIAL
EQUATIONS IN DEEP LEARNING &
IMAGE PROCESSING

BART M.N. SMETS

September 2024



COLOPHON

This document was typeset using the typographical classicthesis
template for IXIEX developed by André Miede and Ivo Pletikosi¢.
The style was inspired by Robert Bringhurst’s seminal book on

typography “The Elements of Typographic Style”. classicthesis is

available at:

https:/ /bitbucket.org/amiede/classicthesis/

A catalogue record is available from the Eindhoven University of
Technology Library.

ISBN: 978-90-386-6133-9

Bart M.N. Smets: Geometric Partial Differential Equations in Deep
Learning & Image Processing, © September 2024. All rights are re-
served. No part of this publication may be reproduced by print,
photocopy or any other means without permission of the copy-
right owner.


https://bitbucket.org/amiede/classicthesis/

GEOMETRIC PARTIAL DIFFERENTIAL
EQUATIONS IN DEEP LEARNING &
IMAGE PROCESSING

PROEFSCHRIFT

ter verkrijging van de graad van doctor aan de Technische
Universiteit Eindhoven, op gezag van de rector magnificus
prof.dr. S.K. Lenaerts, voor een commissie aangewezen door het
College voor Promoties, in het openbaar te verdedigen op
vrijdag 20 september 2024 om 13:30 uur

door

BART MARTIN NICOLAS SMETS

geboren te Neerpelt, Belgié



Dit proefschrift is goedgekeurd door de promoteren en de samen-
stelling van de promotiecommissie is als volgt:

voorzitter: prof.dr. E.R. van den Heuvel

promotor: dr.ir. R. Duits

co-promotor: dr. J.W. Portegies

leden: prof.dr. C. Brune (University of Twente)
prof.dr. G. Citti (Universita di Bologna)
prof.dr. C. Schnorr (Universitat Heidelberg)
dr. A. Di Bucchianico
prof.dr.ir. B. Koren

Het onderzoek dat in dit proefschrift wordt beschreven is uitgevo-
erd in overeenstemming met de TU/e Gedragscode Wetenschaps-
beoefening.



Aan Oem & Bompa.






CONTENTS

INTRODUCTION 1
Outtakes 4
Outline 5
I THEORETICAL PRELIMINARIES
1 RIEMANNIAN GEOMETRY 9
1.1 Differentiable manifolds 9
1.2 Smooth maps & diffeomorphisms 10
1.3 Tangent bundle 11
1.4 Pushforward & pullback 18
1.5 Immersion, submersion and embedding 19
1.6 Flows 20
1.7 Riemannian metric 22
1.8 Linear connections & the Levi-Cevita connection
1.9 Gradient, Hessian & Laplacian 31
2 LIE GROUPS & HOMOGENEOUS SPACES 35
2.1 Lie groups 35
2.2 Group actions & homogeneous spaces 40
2.3 Some examples 42
2.4 Group invariant structures 44
3 EQUIVARIANCE 49
3.1 Equivariant maps & operators 49
3.2 Integral operators & covariant integration 50
3.3 Equivariant linear operators 53
4 THE Lie Group SE(2) 61
4.1 Definition & essential properties 61
4.2 Invariant Riemannian metric 64
4.3 Exponential and logarithmic map 66
4.4 The space of position and orientations M, 67
4.5 R?asahomogeneous space 68
I DEeepr LEARNING
5 GEOMETRIC EQUIVARIANCES IN NEURAL NETWORKS 73

5.1 Convolutional neural networks 74

25

vii



Viii CONTENTS

5.2 Group equivariant convolutional neuralnetwork 8o
5.3 Pooling 87
6 PDE-BASED CONVOLUTIONAL NEURAL NETWORKS 93
6.1 Inspiration 93
6.2 Related work 95
6.3 The PDE in question 97
6.4 Interpretation 100
6.5 Convection 103
6.6 Logarithmic metric estimate 106
6.7 Fractional diffusion 115
6.8 Dilation & erosion 123
6.9 The general PDE layer 134
6.10 The M, PDE layer 139
7 APPLICATIONS OF PDE-BASED CNNs 143
7.1 Implementation 143
7.2 Network design choices 145
7.3 Retinal vessel segmentation 146
7.4 Digit classification 147
7.5 Computational performance 149
7.6 Concluding remarks 151
8 SEMIRING ACTIVATION 153
8.1 Related work 154
8.2 A different approach to neural networks 156
8.3 Semirings & semimodules 158
8.4 Trainable semiring operators 163
8.5 Parameter initialization 164
8.6 Fully connected experiments 170
8.7 ConvNeXt experiments 174
8.8 Discussion & concluding remarks 177

IIT IMAGE DENOISING
9 ToTAL VARIATION & MEAN CURVATURE DENOISING 181
9.1 Introduction 182
9.2 Orientation scores 185
9.3 Locally adaptive frames on SE(d) 192
9.4 Coherence enhancement 197
9.5 Descending to the homogeneous space 199
9.6 Total variation, mean curvature PDE flowsonM; 201
9.7 Numerics 206



CONTENTS ix

9.8 Gradient flow & convergence 207

9.9 Strong L*-convergence of TV-flows 212
9.10 Experiments 214

9.11 Conclusion 228

IV APPENDIX
A LEFT-INVARIANT VECTOR FIELD BASIS FOR SE(3) 235

BIBLIOGRAPHY 239

LisT OF PUBLICATIONS 265
INDEX 267

ABOUT THE AUTHOR 271
ACKNOWLEDGMENTS 273



LIST OF FIGURES

Figure 1.1 A manifold M with two charts (U, u,)
and (Upg, ug) and their transitions maps
uqp and ug,. 10

Figure 1.2 A C¥ map f between two manifolds and
its representation v o F o u~! between chart
co-domains. 11

Figure 1.3 How parallel transport moves a tangent
vector from one point of the manifold to
another depends on the curve along which
we transport the tangent vector. 29

Figure 4.1 Our preferred basis for left invariant vector
fields on SE(2) consists of the vector fields
A1, Az and Az given by (4.3). 63

Figure 5.1 An illustration of a single channel convo-
lution layer. 76

Figure 5.2 An illustration of a multi channel convo-
lution layer. 77

Figure 5.3 An illustration of discrete convolution (or
cross-correlation) in 2D. 78

Figure 5.4 Convolution in 2D with padding. 78

Figure 5.5 Discrete convolution with kernel strides. 79

Figure 5.6 An illustration of how feature maps on
R? are lifted to M, in an equivariant man-
ner. 81

Figure 5.7 An illustration of how feature maps on R?
are lifted to ST(2) in an equivariant man-
ner. 82

Figure 5.8 Architecture of a R? to My, lifting layer. 83

Figure 5.9 Architecture of a M, to M, group convolu-

tion layer. 85
Figure 5.10 An example of an SE(2) equivariant CNN. 86
Figure 5.11 Pooling operation in 2 dimensions. 88



Figure 6.1
Figure 6.2
Figure 6.3
Figure 6.4
Figure 6.5
Figure 6.6

Figure 6.7

Figure 7.1
Figure 7.2

Figure 7.3

Figure 7.4
Figure 7.5
Figure 8.1
Figure 8.2
Figure 9.1

Figure 9.2
Figure 9.3

Figure 9.4
Figure 9.5

Figure 9.6

Figure 9.7

LIST OF FIGURES Xi

Geometric interpretation of the terms of
(6.2) illustrated for R2. 101

Geometric interpretation of the terms of
(6.2) illustrated for M,. 104

Comparing the logarithmic metric estimate
against the exact Riemannian distance. 112
Comparison the numerically computed heat
kernel with our approximationonMp. 121
Dilation and erosionon R. 131

An example of a PDE layer. 135

Unit spheres in M, for different diagonal
metrics. 140

Examples of the DRIVE and RotNIST datasets. 144
Schematic of the 6-layer models used on
our segmentation experiments. 147
Comparison of PDE-based CNNs vs. G-
CNNs vs. CNNs on the retinal vessel seg-
mentation task. 149

Schematic of the three models tested with
the RotNIST data. 150

Performance comparison of digit classifi-
cation on the RotNIST dataset 151
Network architecture for our fully connected
semiring experiments. 171

Standard and semiring-based ConvINeXt
blocks compared. 175

An illustration of the lifted image work-
flow. 183

[lustration of cake wavelets. 187
[lustration of the standard basis of left-
invariant vector fields of SE(2) and SE(3). 189
[lustrating gauge frame fitting in SE(2). 194
Isotropic evolution of relative errors on the
collagen image with Gaussiannoise. 216
Anisotropic evolution of relative errors on
the collagen image with Gaussiannoise. 217
Isotropic with coherence enhancement evo-
lution of relative errors on the collagen im-
age with Gaussian noise. 218



Figure 9.8

Figure 9.9

Figure 9.10

Figure 9.11

Figure 9.12

Figure 9.13

Figure 9.14

Figure 9.15

Figure 9.16

Qualitative comparison of over-smoothed
collagen images starting from a noisy im-
age with Gaussian noise. 221

Isotropic evolution of relative errors on the
collagen image with correlated noise. 222
Isotropic with coherence enhancement evo-
lution of relative errors on the collagen im-
age with correlated noise. 223
Qualitative comparison of over-smoothed
collagen images starting from a noisy im-
age with correlated noise. 225
Comparison of left invariant TVF with co-
herence enhancement against BM3D. 226
A spiral test image and a monochrome
Mona-Lisa that were used for the PSNR
experiments. 227

Comparing Gauge TVF with coherence en-
hancement and BM3D against correlated
noise. 227

Quantitative comparison of denoising a
fiber orientation density function. 228
Qualitative comparison of denoising a FODF
obtained by CSD. 229

LIST OF TABLES

Table 7.1

Table 7.2

Xii

Average DICE coefficient achieved on the
20 images of the DRIVE testing dataset and
the number of trainable parameters of each
model. 148

Allocation of parameters for the 6- and 12-
layer CDE-PDE-CNNs used in the vessel
segmentation experiment. 148



Table 7.3

Table 7.4
Table 8.1

Table 8.2

Table 8.3
Table 8.4
Table 9.1
Table 9.2

Table 9.3

Table 9.4

LIST OF TABLES

Accuracy of the digit classification models
on the RotNIST testing dataset and num-
ber of parameters for each model. 150
Inference time comparison of CNNs vs.
G-CNNs vs. PDE-based CNNs 152
Hyperparameters for the fully connected
semiring experiments. 173

Accuracy of the trained fully connected
networks on the testing sets of the various
classification datasets. 173
Hyperparameters settings for the ConvNeXt
experiments. 176

Accuracy of the trained ConvNeXt models
on the FashionMNIST test dataset and on
the last 100 training batches. 176
Choice of geometry on My 200
Geometric tools on M;. 201

Relative computational time needed by our
methods relative to spatial Perona-Malik. 207
Comparing Peak-Signal-to-Noise-Ratio for
the coherence enhanced methods against
BM3D and spatial Perona-Malik. 225

xiii






INTRODUCTION

Image analysis plays an important role in many parts of mod-
ern society. In fields such as medicine, defense and industrial
automation it is critical to have image processing techniques that
are efficient and reliable since they form the basis of high-stakes
decisions. In this thesis we contribute to the field of image analysis
by developing new techniques that synthesize two approaches to
image processing: the geometric partial differential equation approach
and the deep learning approach.

While in recent times, deep learning has gotten most of the spot-
light, each approach has certain strengths and weaknesses. Our
aim is to develop a hybrid approach that captures the strengths
of both approaches for those applications where either pure ap-
proach is not suitable or does not provide the right tradeoffs.

GEOMETRIC PARTIAL DIFFERENTIAL EQUATIONS. The study of
partial differential equations (PDEs) constitutes one of the largest
fields in mathematics, going back as far as Leibniz (CAJORI, 1928).
In modern times, this body of knowledge has also been leveraged
for the development of image processing techniques. While a dig-
ital image consist of a grid of discrete pixels, the methodology of
using a continuous model with PDEs has been a source of many
novel image processing methods (MARAGOS, 2005). The use of con-
tinous PDE models is motivated by more intuitive mathematical
modeling with a connection to physics. It also does away with
the resolution and sampling dependence of the discrete meth-
ods, thus staying more faithful to the Euclidean geometry that
underlies the problem.

A trend in this field of continuous models is the incorporation
of an increasing amount of differential geometry (SAPIRO, 2006). In
particular the theory of Lie groups—named for Sophus Lie—has en-
joyed a lot of attention since it provides a framework to formalize
the symmetries that are natural in imaging. Thanks to the work
pioneered by Elie Cartan, it is possible to make coordinate-free for-

Gottfried Wilhelm
Leibniz 1646—1716.

Sophus Lie
1842-1899.

Elie Cartan
1869-1951.



Frank Rosenblatt
1928-1971, inventor
of the perceptron,
arguably making him
the father of deep
learning.

Yann LeCun b. 1960,
pioneer in using deep
learning for machine

vision.
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mulations of PDEs on Lie groups and their homogeneous spaces,
giving rise to geometric partial differential equations as natural objects
of study in image processing.

Going even further, this type of mathematical theory also un-
derpins the field of neurogeometry (Cirti and SARTI, 2014; PETITOT,
2017) where it is used to model the functional architecture of the
visual areas of our brain. In this manner geometric PDEs can be
said to provide a bridge between image processing as our brain
performs it on the one hand and image processing as we engineer
it on the other.

DEEP LEARNING. Using artificial neural networks for image pro-
cessing is a comparatively young idea that takes a very different
approach (EGMONT-PETERSEN, DE RIDDER, and HANDELS, 2002). It
leverages modern compute power and the availability of vast
datasets to train very general and unstructured models to per-
form the task at hand. Nonetheless, researchers in this field have
also taken an interest in geometry (BRONSTEIN, BRuNA, LECUN,
SzLAM, and VANDERGHEYNST, 2017), particularly Lie group theory,
just like in the geometric PDE approach. In the nascent field of
geometric deep learning the mathematical theory is applied to con-
struct network architectures with geometric symmetries that fit
the application being considered.

OUR THESIS. Our main goal is to provide a synthesis between
geometric partial differential equations and neural networks. Doing
so, we also provide a stronger link between neural networks and
neurogeometry. This work is already partially done in the sense
that geometric deep learning has incorporated many of the geo-
metric tools we need. But it has not incorporated partial differential
equations. This then will be the main contribution of this thesis: the
development of a hybrid neural network architecture that we refer
to as a PDE-based group equivariant convolutional neural network, or
PDE-G-CNN for short.

We intend to take linear and morphological PDEs from classic
image processing and introduce them as operators into neural
networks. These PDEs have parameters which would have to be
chosen by hand in classic usage, but in a neural network they
become the trainable weights. This way, the PDEs will provide a
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strong geometric prior but the data will determine exactly how the
PDEs will behave. As the morphological PDEs we propose are not
linear we can use them as a network’s nonlinearities and remove
the need for traditional activation functions, taking away some of
the arbitrariness and mystification in neural network design.

The practical motivation for synthesizing geometric PDEs and
neural networks is that we hope to balance the main benefits of
both.

¢ Performance. The popularity of neural networks has mostly
been driven by their superior performance when compared
with legacy methods. We aim to retain this high level of
performance for image processing applications.

e Interpretability. What a trained neural networks does to ac-
complish its task is notoriously hard to interpret. Construct-
ing them in terms of PDEs gives a concrete geometric inter-
pretation for its operations.

* Strong prior/weak data. PDEs add a strong additional prior
on top of only using geometric symmetries. Assuming this
prior aligns with the application, we can expect to get good
results even if the available training data is weak, i.e. has
few and/or noisy samples.

* Manual tuning. Classic use of geometric PDEs requires man-
ual fine-tuning of its parameters which can easily lead to
poor generalization beyond the few samples that were man-
ually examined during development. In a neural network
all the parameters will be systematically trained in way that
has been observed to generalize well.

To summarize, we can say that the PDE-G-CNNs we propose
automate the geometric image processing on Lie groups (CItT],
FRANCESCHIELLO, SANGUINETTI, and SARTI, 2016; Duirs and BUr-
GETH, 2007; FRANKEN and Durrts, 2009) and conversely it structures
neural networks using geometric PDEs to obtain better perfor-
mance, interpretability and data-efficiency (BELLAARD, BoN, Par,
SMETS, and Duirs, 2023; PA1, BELLAARD, SMETS, and DuiTs, 2023;
SMETs, PORTEGIES, BEKKERS, and Duirs, 2022).
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LIETORCH. We implemented our PDE-G-CNN algorithms as an
extension to the widely used PyTorch deep learning framework
(Paszke et al., 2019). Our LieTorch package is available at
www.gitlab.com /bsmetsjr/lietorch and contains both CPU and
CUDA implementations of our algorithms that are exposed as
standard PyTorch modules.

ADDITIONAL RESEARCH. In addition to the main line of research
we outlined above we will explore two additional topics.

The first is semiring activation, which follows up on the fact
that in PDE-based networks we could dispense with traditional
activation functions since we had morphological PDEs to serve
as nonlinearities. We can still have trainable nonlinearities with
some of the same structure of a morphological PDE but without
actually being described by a PDE. This line of thinking introduces
a systematic approach for building trainable nonlinear operators
based on the algebraic structure of a semiring and experiments
with them in neural networks.

The second topic is total variation and mean curvature denoising in
SE(2). Total variation and mean curvature PDEs (VOGEL and OMAN,
1996; ZHu and CHAN, 2012) have previously been leveraged as a
basis for image denoising algorithms. Our contribution consists
of formulating these PDEs on the Lie group SE(2) and using them
to denoise the orientation score (Durts, Duits, vAN ALMSICK, and
TER HAAR ROMENY, 2007) of an image rather than the image itself.
This produces a denoising method that deals very well with edges
and crossings in an image and produces very high signal-to-noise
ratios. We also extend this method to deal with volumetric data
such as diffusion-weighted magnetic resonance imaging data.

oUuTTAKES. We will not cover any works for which I was not a
primary author. Here we give an overview of these works.

¢ Geometric flows in image processing via a Cartan connec-
tion in Durts, SMETS, WEMMENHOVE, PORTEGIES, and BEKKERS
(2021).

¢ Follow-up research on various aspects of PDE-G-CNNss:

— Sub-Riemannian versions of PDE-G-CNNs and their
analysis in BELLAARD, BoON, Pa1, SMETs, and Duits (2023).


www.gitlab.com/bsmetsjr/lietorch
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— U-Net variant of PDE-G-CNNs and its data-efficiency
benefits in Pa1, BELLAARD, SMETS, and DuiTs (2023).

— An axiomatic basis for PDE-G-CNNs when restricted
to R? in BELLAARD, SAKATA, SMETS, and DurTs (2024).

* Geodesic tracking of vascular trees:

— Tracking vascular trees with data-driven Cartan con-
nections in VAN DEN BERG, SMETS, PA1, MIREBEAU, and
Duirs (2024).

— Tracking vascular trees with optical and TVF enhance-
ment in VAN DEN BERG, ZHANG, SMETS, BERENDSCHOT,
and DuiTs (2023).

While I contributed to these works, the large majority of the
credit goes to their primary authors.

OUTLINE. This thesis consists of three parts.

¢ In Part I we cover the necessary theoretical preliminaries.
These cover a subset of differential geometry that underpins
the later parts. Some of the material in this part is adapted
from our lecture notes for the course Mathematics of Neural
Networks (SMETs, 2023), though most of it is newly written
for this thesis.

¢ In Part I we cover deep learning.

— Chapter 5 is an introduction to group equivariant con-
volutional neural networks and a survey of the research
around them. It was newly written for this thesis.

— Chapter 6 covers PDE-G-CNNs and is an expanded
version of the theoretical parts of Duits, SMETS, BEKKERS,
and PORTEGIES (2021) and SMETS, PORTEGIES, BEKKERS,
and DuiTs (2022).

— Chapter 7 covers the experimental results of SMETs,
PORTEGIES, BEKKERS, and DuITs (2022).

— Chapter 8 covers semiring activation and is an expanded
version of SMETS, DONKER, PORTEGIES, and Durrs (2024).
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¢ In Part I1I, which only contains Chapter 9, we cover our work
on image denoising, it is based on Duirs, ST-ONGE, PORTEGIES,
and SMETs (2019) and SMETs, PORTEGIES, ST-ONGE, and Duits
(2021).



Part 1

THEORETICAL PRELIMINARIES

This first part of the thesis is a summary of the ge-
ometric theory used in our research. Parts II and 1III,
while covering different subjects, share common un-
derpinnings that we factored out here. We cover that
subset of differential geometry which is relevant to our
research so that a reader less familiar with differential
geometry may also use it as a reference while reading
the later parts. We specifically want to cover the tools
required to formulate partial differential equations on
homogeneous spaces and be able to talk about equiv-
ariances in that setting. We also establish notation for
the rest of the work.

Most results discussed are standard results referenc-
ing established works, with the exception of Section 3.3
which contains some minor novelties. This part is par-
tially based on the lecture notes for the course Math-
ematics of Neural Networks that we set up and taught
from 2021 to 2023 at the Eindhoven University of Tech-
nology.






RIEMANNIAN GEOMETRY

In our research, both in deep learning and image processing, we
consider data that naturally lives on manifolds and with which
we work using differential geometric tools. In this chapter we
recapitulate the basic tools of Riemannian geometry and some
of its generalizations that we will use throughout. A thorough
reference to this material is found in LEE (2012, 2018).

1.1 DIFFERENTIABLE MANIFOLDS

A topological manifold of dimension 7 is a second-countable Haus-
dorff space M which is locally homeomorphic to an open subset
of R". Being locally homomorphic to an open subset of R" means
that for each p € M there is a homeomorphism u : U — u(U) C
R"™ where U is an open neighborhood of p and the image u(U) is
an open subset of R". We call (U, u) a chart on M.

A family (U, ta)aea of charts on M such that | J,eq Uy = M is
called an atlas. The mappings uqp := ug ouyl: uq(Uap) — up(Uap)
are called the transition maps of the atlas, where Uag = Uy N Up.
The relationships between the manifold, charts and transition
maps is illustrated in Figure 1.1.

An atlas (Uy, U )aea for a manifold M is called a C* atlas if all
transition maps i, are in Ck (up(Uap), ua(Uap)). Two Ck atlases
are called C* equivalent if their union is again a C* atlas. An equiv-
alence class of all such CF atlases we call a C¥ structure on M or
just a differentiable structure on M if the order k is implied. By a
CK manifold we will mean a topological manifold equipped with
a CF structure, when we say differentiable manifold we mean a C*
manifold where we imply some k. With a chart of a manifold

In a Hausdorff space
each pair of points
have neighborhoods
that are disjoint. A
second-countable
space has a countable
basis for its topology.
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We can go even
further than smooth
manifolds and define

such things as real
analytic C%
manifolds, but we
will not consider
these here.

The CX manifolds
together with their
Ck diffeornorphisms
form the category of
manifolds Man*.
This is a category
since the composition
of two Ck maps is
again a C* map.

RIEMANNIAN GEOMETRY

1

FIGURE 1.1: A manifold M with two charts (Uy, u,) and (U, up)
and their transitions maps u,p and ug,.

we will then mean a chart belonging to one of the atlases of its
differentiable structure.

In this work, when we say manifold without further elaboration
we mean a C* manifold, and we use the term smooth synony-
mously with C*.

A subset N of a manifold M is called a submanifold of M, if for
all p € N there exists a chart (U, u) of M such that u(U N N) =
u(U) N (R" x{0}), where R" x{0} < R"™ xR"™ . Then N is a
n’-dimensional manifolds since it can be equipped with an atlas
of charts of the type (U NN, u|ynn) for each p € N.

1.2 SMOOTH MAPS & DIFFEOMORPHISMS

Amap f : M — N between two C¥ manifolds is said to be C* if for
each p € M and each chart (V,v) on N with f(p) € V there exists
achart (U, u) on M such thatp € U, f(U) € Vandvo fou~'is C*.
The relationship between f and its proxy v o f o u™! is illustrated
in Figure 1.2. We will denote the set of C* maps between M and
N with C¥(M, N). In the case of C* we simply talk about smooth
maps. When N = R we use the abbreviation C*(M) := C*(M, R).

A CFmap f : M — N is called a C* diffeomorphism if there
exists an inverse f~! : N — M that is also a C* map. If there
exists a diffeomorphism between two manifolds we say they are
diffeomorphic.



1.3 TANGENT BUNDLE

R" R"

FIGURE 1.2: A C¥ map f between two manifolds and its represen-
tation v o F o u~! between chart co-domains.

A map f : M — N between manifolds of the same dimension
is called a local diffeomorphism if each p € M has an open neigh-
borhood U so that f|y : U — f(U) c N is a diffeomorphism.
As an example: S! and R are not diffeomorphic since there ex-
ists no continuous bijection between them, but they are locally
diffeomorphic.

1.3 TANGENT BUNDLE

DERIVATIONS. Let M be a n-dimensional manifold. A derivation
with base point p € M acting on C*(M) is a linear operator X, :
C*(M) — R that additionally satisfies Leibniz’s rule at its base
point:

Xp(f1 f2) = filp) Xpfo + fo(p) Xp 1, (1.1)

for all fi, fo € C*(M) and where f; f, is their pointwise multipli-
cation. If the base point is clear from context we may drop the
subscripted p and just write X. As a corollary to Leibniz’s rule we
have that X, applied to a constant function yields zero:

Xp(1) = Xp(1-1) = 1- X,(1) + 1+ X,(1) = 2- X,(1),

11

There are many
equivalent ways of
defining tangent
vector, we use the
algebraic definition
here.
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Moving along the
axes of a chart yields
curves on the
manifold which can
be identified with
derivations at

u=1(0).

RIEMANNIAN GEOMETRY

which implies that X,,(1) = 0. By linearity we see that if f is locally
constant around p then X, f = 0.

It is easy to check that for any given base point p € M the
derivations at that point form a vector space, we call this vector
space the tangent space at p and its elements the tangent vectors at
p. We denote the tangent space of M at the point p with T, M.

We can make derivations more concrete by constructing some
with the help of a chart.

THE TANGENT BUNDLE. For a manifold M we call the disjoint
union of all its tangent spaces the tangent bundle

T™ := ]_[ T,M. (1.2)
pEM

Per LEE (2012, Prop. 3.18) the tangent bundle TM of a smooth n di-
mensional manifold has a natural topology and smooth structure
that makes it into a smooth vector bundle, which can be shown
by constructing a smooth atlas for TM based on the coordinate
basis, as we will see next.

COORDINATE BASIS. Let n = dim M and without loss of general-
ity let (U, u) be a chart centered at p, i.e. u(p) = 0. Now define a
set of curves ;' : I — U where I is some interval containing 0 by
moving along the axes of the chart:

yi#) =u"0,...,0, % ,0,...,0),
i~th
place
clearly y(0) = p forall i = 1...7n. Based on these curves we can
define a set of operators

(aui)p :C*(M) - R

as follows: u(s
0, = i LD S0

lim (1.3)
for all f € C*(M), where we include u in the notation to empha-
size the dependence on the choice of chart.

Clearly these operators are linear maps from C*(M) to R and

also satisfy Leibniz’s rule (1.1) since they are just the usual limit
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of a difference quotient of an R — R function, hence we can
conclude that they are in fact tangent vectors: fori = 1...n we

have:
(8u,-)p € TpM.

We call these tangent vectors the coordinate basis tangent vectors
of the chart (U, u), we will check that they in fact form a basis.

This set of n tangent vectors is linearly independent. To see this
suppose that

n .
Z v’ (9,), =0
i=1
for some scalars v’ € R. Recall that (U, u) is a smooth map and so
its component functions are smooth real-valued functions: u’ €
C*(U). Hence, we can let the above operator act on them to find
thatforall j=1...n:

n n

0= > o (8ui)p u = Zviéf: =/,

i=1 i=1

from which we conclude that these tangent vectors are linearly
independent.

If f € C°(M)then fou™! € C*(u(U) € R") and so we can
apply Hadamard’s lemma around the origin to express the function

f as:
fou(u(g) = fouT(0)+ ) (' (q)—0) hi(u'(q)),
i=1

where g € U, u' € C*(U) is the i-th component function of u and
hi € C®(u(U) € R") foreach i = 1...n. Simplified we get:

£@) = f(p)+ D u' (@) hiGu' (q)).
i=1

13
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Applying the coordinate basis tangent vectors (1.3) of (U, u) to
this decomposition of f yields

@ty £ =0+ Y @y, (W) i)

=1

= 1wl (p) @)y il () + i@ (p)) @), wI(-)

=1

= > hi(0) o]
j=1

= hi(0).

Now the application of some derivation X, € T,M to this de-
composition of f yields

Xpf =0+ 3 X, (W) hitu' ()
i=1
= ) X, i () + i (p) Xyt
i=1

= Z 1:(0) Xpu'.
i=1

We recognize 5;(0) as the value of applying the coordinate basis
tangent vector of (U, u) to f and X,u' is just a real number, so we
obtain:

Xpf = > Xptt' (D), £,
i=1

or more succinctly:

X, = Z Xpuu' (9,1), - (1.4)
i=1

This means that we can write any derivation at p as a linear com-
bination of the n coordinate basis tangent vectors of a chart con-
taining p, this proves in particular that dim T, M = dim M for all
p € M.
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THE TANGENT BUNDLE AS A SMOOTH MANIFOLD. Given a chart
Uy, uy) on M we can construct a chart (n]‘\/ll(lla), duy) on TM
where du, : n]‘\/[l(lla) — u,(U,) x R" is given by

ity (X,) = (ua(nM(Xp)), Xpul, ..., x,,ug).

If we have another (overlapping) chart (Ug, ug) and its induced
tangent bundle chart du : n;}(uﬁ) — ug(Up) x R" we can look at
the associated transition maps

dugp = dug o du;l D (Ugp) X R" — ug(Uap) X R™.

Let (x,0) = (x!,...,x", 0!, ..., 0") € uy(Uqap) X R" C R?" then

n

duaﬁ(x’ v) = duﬁ (Z o' (au‘i*)u"l(x)

i=1
= (”aﬁ(x)/ ]xv) ’

where ], € R™" is the Jacobian matrix of u,g at x:

(D), u[iﬁ o (On)y u;ﬁ
Jx = e
(al)x uzlg T (8n)x uZ‘g

Clearly then these transition maps are smooth and so give us a
smooth structure on the tangent bundle TM. We choose the topol-
ogy of TM so that all charts du, are homeomorphisms, this again
yields a separable Hausdorff space and so the tangent bundle TM
is a smooth manifold just like its base space M is.

The coordinate maps given by

(p, Xp) — (ul(p), cee, u"(p),Xpul, . ,Xpu”)

are also referred to a the natural coordinates on TM.

SMOOTH VECTOR FIELDS. Now that we have established that the
tangent bundle is itself a smooth manifold we can talk about the
smoothness of vector fields. A smooth vector field X on a manifold
M is a smooth section of the tangentbundle TM,ie. X : M — TM
is smooth and 7y o X = id .



16

RIEMANNIAN GEOMETRY

When a vector field is only smooth on an open subset of M we
say it is locally smooth. We denote the set of all smooth vector fields
as I'(TM), i.e. the set of smooth sections of TM. With the usual
addition and scalar multiplication I'(T M) is a real vector space.

Previously we identified tangent vector with derivations at par-
ticular points of the manifold, we can consequently also identify
a vector field with a field of derivations over the whole manifold.
We can look at a vector field X as a linear map

X : C¥(M) — C®(M)

that satisfies the Leibniz rule with respect to pointwise multipli-
cation for every point of the manifold:

X(fif2) = AX 2+ LXf1,

for all f1, f, € C*(M). We will use subscripting of a vector field
with a manifold element to indicate the tangent vector at that
point since we apply a vector field to a function f yielding another
function. So the notation becomes (Xf)(p) = X,f rather than
(Xf)(p) = X(p)f where X is applied to both an element of C*(M)
and subsequently M, which is confusing notation.

LIE BRACKET. If X, Y € I'(TM) then the mapping f — X (Y f) -
Y (Xf) is again a derivation of C*(M) and so a vector field on M.
We call this vector field the commutator or Lie bracket of the vector
fields X and Y and write

[X,Y]:==XoY-YoX,

where the composition is seen as a composition of linear maps.
The Lie bracket [ -, -] : T(TM)? — I(T M) has the following prop-
erties forall X,Y,Z e ['(TM) and all f € C*(M):

[X,Y] = —[Y, X] (anti-symmetric),

[X,[Y,Z]] = [[X, Y], Z] + Y, [X, Z]] (the Jacobi identity),
[fX,Y]=fIX, Y] - (Yf)X,

[X, fY]=fIX, Y]+ (Xf)Y.
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COTANGENT BUNDLE. Let M be a manifold and p € M, then the
cotangent space of M at p is the dual of the tangent space, i.e.

;M = (T,M)".

Since T, M is finite dimensional it follows that T, M and T, M are
isomorphic as vector spaces. If the tangent vectors

n
{(a”i Jy } i=1
are the coordinate basis vectors induced by a chart (U, u), then
the dual basis is denoted by {(du’) ,}izy- Since it is the dual basis

we have ' _
(dul)p ((auj)p) = ol.

Just like for the tangent spaces, we call the disjoint union of all
the cotangent spaces the cotangent bundle:

T*M := ]_] T;M,
peEM

which, when equipped with the unique topology and smooth
structure per LEE (2012, Prop 11.9), is again a smooth vector bundle.

Each scalar function f € C*(M) induces a special section of
the cotangent bundle called its differential df € I'(TM), which is
given by

df (X) .= Xf
for X € I'(TM). We denote pointwise evaluation with different
notations depending on the context:

(df)p(X) = df (X)(p) := X f-
Naturally we can use the tangent and cotangent spaces to con-
struct tensor spaces. The tensor space Trfs’r)M is defined as

Tp(s,r)M = T(s,r)(TpM) = TpM Q- ® TpM ®T;M QR - ® TJM.

s copies r copies

As with the tangent and cotangent spaces, the disjoint union
of these tensor spaces gives us the tensor bundle T®"'M when
equipped with the natural topology and smooth structure inher-
ited from the tangent and cotangent bundles. The set of smooth
sections of any tensor bundle we denote as T(T*") M).

17
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1.4 PUSHFORWARD & PULLBACK

Smooth maps between manifolds allows (co-)tangent vectors to
be transported along them in a natural manner. Let M and N be
manifolds and let ¢ : M — N be a smooth map. The pushforward
of ¢ ata point p € M is a linear map .|, : T,M — Ty(,)N given
by

(-], %)) £ =%, (F o 9)
for any f € C*(N) and X, € T,M. Naturally the pushforward

induces a smooth map between tangent bundles ¢. : TM — TN
in a way that makes the following diagram commute:

™ -3 TN

an lnN

M L) N
The pushforward of a composed map obeys a type of chain rule:
suppose ¢ : M — N and ¢y : N — P are both smooth maps then

(Y 0 P)elp = Pulpp) © P:lp-

Similar to the pushforward of tangent vectors we have the pull-
back of cotangent vectors. The pullback ¢*|, : T(; (p)N — T;Mof ¢
at p is given by:

((P* p w¢(P)) Xp = 0o(p)(Ps

for any X, € T,M and We(p) €

p X}?)/
T(; (p)N . Higher order contravari-
ant tensor fields can be pulled back in the same way. Let w €
T(T©%) M) then we define

(7], @o01) (X0, (XDp) = oy (@], Ky, 0], (X))

for all Xy, ..., Xs € I'(TM), this will be useful for working with
Riemannian metrics later.

Only in the case that ¢ : M — N is a diffeomorphism does
it make sense to pushforward cotangent vectors and pullback
tangent vectors as follows:

| Yo = ( _1)’ Y, and .
Ol Yowr = (677 |, Yoo ¢

P &= (qb_l)*

&
o) 7

(1.5)
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for any Yop) € TopmM and &y € T;M.

Usually explicitly writing the restriction to a certain point of a
pushforward or pullback is redundant as it can be inferred from its
argument, hence we usually just write ¢.(X}) instead of ¢.[,(X})
for pushforwards and similarly for pullbacks.

FUNCTIONS & CURVES. Let f € C*(N) then we say the pullback
¢*f € C*(M) of f is given by ¢"f := f o ¢. Similarly, if we have
acurvey : R — M then we say its pushforward ¢.y : R — N is
given by ¢.y = ¢poy.

1.5 IMMERSION, SUBMERSION AND EMBEDDING

A smoothmap ¢ : M — N between two smooth manifolds M and
N is called an immersion if its pushforward ¢.|, : T,M — Ty(,)N
is injective at all p € M. Conversely, ¢ is called a submersion if its
pushforward is surjective at all points of M.

Naturally, when ¢ is a immersion then dimM < dim N and
when ¢ is a submersion then dim M > dim N.

A smoothmap ¢ : M — N is anembedding when its image ¢ (M)
is a submanifold and the map M — ¢(M) is a diffeomorphism.

CURVES. A type of map that we often encounter is a curve y €
C*(I, M) whereI C Rissome interval (open or closed). A basis for
I'(TI) is given by the tangent vector field d/a that acts on smooth
functions on I in the obvious manner

d\ . _ . fit+h)-f@)
(8) e

All X € T(TI) can then be written as X; = X!(t) (4/&), for some
Xt e C>(I).

As is conventional, we use the dot-notation to indicate the push-
forward of these tangent vectors along the curve to the manifold

as follows:
(L) == v - , .6

we call y a vector field along a curve y since mtpr o y = y. The appli-
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cation of this vector field to a smooth function f € C*(M) is then
given by

h)) —
07 = (§) (7o = m LD TOO)

The pushforward y. is injective at t € I provided y(t) # 0 since
for any X;, Y; € T;I there exists X1 Y! € R so that X; = X! (9 ar),
and Y; = Y! (d/a),. Then 7. X; = .Y; implies X! = Y! and so also
Xy, =Y.

Consequently, smooth curves with y(t) # 0 for all t € I are
immersions of some interval of the real line. However, they are
not always embeddings since their image y(I) C M need not be a
submanifold, see the margin figure for an example.

1.6 FLOWS

INTEGRAL CURVES. A smooth curve y € C*(I, M) for some open
interval of R is called an integral curve or flow line of a vector field
X € T(TM) if we have that y(t) = X, ) forall t € [. We say y isa
maximal integral curve if it is not possible to extend it to a larger
openinterval, i.e. there is no open interval | O I and integral curve
B:] — M of X sothat |} = y.

Given a smooth vector field X € I'(TM), then for any p € M
there is an open interval I, C R containing the origin and an
integral curve y, : I, — M of X with y,(0) = p. Moreover if y,
is maximal then it is unique. This can be shown by looking at a
chart (U, u) containing p, in the chart the statement y(t) = X, )
becomes a system of ordinary differential equations with initial
condition y,(0) = p. Since X is smooth the existence of a unique lo-
cal solution that depends smoothly on the initial condition follows
from the Picard-Lindeldf theorem. A curve found like that can be
extended to another overlapping chart by taking one of the points
of the curve in the intersection as the new initial condition of the
ODE. Iterating like that we end up with a unique maximal curve,
either because we end up with I, = R or the curve leaving the
manifold (if that is possible). Details and proof of this statement
are found in LEE (2012, Thm. 9.12).
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FLOW OPERATOR. Let X € I'(TM), then we define the flow of X as

FIf (p) = FIX(t, p) =, (1), (1.7)

where y, : [, = M is the maximal integral curve of X starting
atp € M from before. Note that the domain of FI¥ is not the full
R X M but the potentially smaller D(X) := Upem Ip X {p} where
each I, is the domain of the maximal integral curve of X started
at p. If it happens that D(X) = R x M then we say FI* is a global
flow, if not we say it is a local flow.

What these flows give us in particular is a way of moving tensors
along a given vector field. Indeed since a FI is a smooth mapping

from M to M it follows that it has a smooth pushforward (Flf )it

TM — TM and pullback (FIX)* : T*M — T*M. In particular
(FI).lp : LM — T,M and (FI)"|, : T;M — T;M where g =
FI*(t, p).

LIE DERIVATIVE. Using flows we can give meaning to difference
quotients of vector and covector and higher order covariant or
contravariant tensors. Let X € I'(TM), for scalar functions f €
C*®(M) we define the Lie derivative Lx : C®°(M) — C*®(M) as

Oxf = (%)O (FIXYf = X,

which is identical to the familiar way of using a vector field as a
derivation. Going further: for a Y € I'(T M) we can define the Lie
derivative Lx : T(TM) — I'(TM) as

_(d) xy
LxY = (dt)O(Flt Y.

We can perform the pullback on a vector field here since FI) is a
local diffeomorphism for each t. The same works for a covector
field w € T'(T*M) as in

d .
Lyxw = (E)O(Fltx) w,

or higher order contravariant or covariant tensors.

21
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1.7 RIEMANNIAN METRIC

In Euclidean spaces we have a straightforward way of measuring
distances but a manifold requires extra structure before we can
talk about distances. A Riemannian metric on a smooth manifold M
is a symmetric positive definite section of the (0, 2)-tensor bundle,
ie. §eI(T"M ® T*M) so that §,(X,, X;,) = 0 for all X, € T,M
and equality only holds if the vector is 0 additionally we have
Sp(Xp, Yp) = Gp(Yy, Xp) for all X, Y, € T, M. To emphasize how a
Riemannian metric is an inner product on each tangent space we
also use the inner product notation (X, Y;)s := §,(Xp, Y,), where
we may drop the subscripted § if it is clear from context which
metric we are using.

Since we require § to be a smooth section we have that (X, Y)g :
M — R is a smooth function for all smooth vector fields X,Y €
['(TM). A manifold equipped with a Riemannian metric is called
a Riemannian manifold.

After a choice of chart (U, ) we can express the Riemannian
metric in terms of the coordinate cotangent basis at p € U as
follows for some X, Y, € T,M:

PR AR DIP ACH NI ACHN
i=1 j=1 g

;‘1 XY ((al,f)p ,(auj)p)9 ,

where we let X;; = (dui)p(Xp) and Yg = (duf)p(Xp) be the compo-
nents of the tangent vectors in the coordinate basis of the chart.
When we define §;; € C*(U) as

Sii(p) = @)y @)y )
foreachi,j =1...n then we can write the metric on U as
n . .
Slu = Z Gij du' ® du/.
ij=1

We call the functions §;; : U — R the components of the metric in
the chart (U, u). It is often convenient to organize the component
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functions of a metric in a matrix (the so-called Gram matrix) which
we denote with

S11 -+ G
[Gi] = :
9711 e 9nn

Note that by construction for each p € U, the matrix [S;;(p)] is
symmetric and positive definite.

LENGTH OF CURVES & DISTANCE. With a Riemannian metric §
in hand we can define the length of a curve. Let y € C*(I, M)
where [ is an interval in R then we define the length of y as

Leng(y) := /I||7(t)||9df

where ||7(t)[lg := y/(y(t), y(t))g and y(t) € T,;)M so that for all
feC®M)

. S+ h) - Fr(#)

y(#)f = lim ? -

It can easily be verified that this definition is independent of the
choice of parameterization of the curve. Using this definition of
length of curves we can define the distance between two point of
a Riemannian manifold as the infinum of the length of all curves
between those points:

ds(p, q) := inf { Leng() | y € PC([0, 11, M), y(0) = p, y(1) = q}

(1.8)
where PC([0, 1], M) are the piecewise smooth functions from [0, 1]
to M. This distance dg is a metric in the formal sense and so is sym-
metric, reflexive and satisfies the triangle inequality, consequently
(M, dg) forms a metric space.

cuT Locus. As metrics and their smoothness play a role in our
later work, we need to take into account where that smoothness
fails. For any give p € M the cut locus cut(p) C M is the set of
points where the distance map dg(p, - ) is not smooth (excluding
p itself). As long as we stay away from the cut locus, the infinum
from (1.8) gives a unique geodesic.
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VOLUME. Besides a notion of length, the Riemannian metric also
gives us a way of measuring volume, exactly how it does this
depends on whether the manifold is orientable or not. If a n-
dimensional manifold M admits a smooth non-vanishing n-form
(nowhere identical to the zero mapping) we say the manifold
is orientable, if no such form exists we say the manifold is not
orientable.

If the manifold is orientable, we can choose a smooth non-
vanishing n-form to establish the orientation of a given (local)
basis of the tangent bundle. Let u € Q"(M) be a smooth non-
vanishing n-form and let (Eq, ..., E, ) be a basis of T,M then
we say (E1p, ..., En,yp) is positively oriented if

y(ELp, A zEn,p) >0

and is negatively oriented if

W(E1p, .-, Enp) <0.

Since 1 is non-vanishing every basis at every point is either posi-
tively or negatively oriented. After we have chosen in this manner
which bases are positively oriented we say we have an oriented
manifold.

An oriented Riemannian manifold (M, §) admits a unique n-
form voly € Q"(M) so that if (Eq,...,E,) is a local positively
oriented orthonormal frame then

volg(E1,...,En) =1,

or alternatively, if (e',...,e") islocal positively oriented orthonor-
mal coframe then
volg = el A--- A€,

we call voly the volume form. If (U, u) is a chart of M then the
volume form is given by

volg = /det [Gij] du' A-- A du”

In the case that the manifold is not orientable we cannot produce
a signed volume form but we can still define an unsigned density
that works similarly. Indeed let (e',..., &") bealocal orthonormal
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coframe then we call the smooth pseudo-form \Eg =|elA---Ae"
the Riemannian density. It is easy to check that V_Olg(El, ..., Ey)=1
for any orthonormal frame (Ey, ..., E,) not just those that are
positively oriented. In the case that the manifold is oriented we
have volg = |volg |, but the density has the advantage of being
well defined either way.

Both the volume form and Riemannian density can be inte-
grated over, in the first case as an integral over n-forms, in the
second case as an integral over a density. For the purpose of inte-
gration of scalar functions these integrals agree, i.e. fM fvolg =

fM fvolg for any appropriate f : M — R. For that reason the same
volg symbol is often used for both the volume form and density.

1.8 LINEAR CONNECTIONS & THE LEVI-CEVITA CONNECTION

We know how to differentiate scalar functions along vector fields
on a manifold, but we also want to differentiate vector fields (and
other tensor fields) as we can do in Euclidean spaces per

where Y € I(TR") and X, € T,R" ~ R". This construction does
not translate to manifolds since there is no canonical mechanism
to subtract vectors living in two different tangent spaces, i.e. when
X, € TyM and X, € T;M then we do not know what X, — X,
means. To be able to differentiate vector fields and other types of
tensor fields we need an additional structure on our manifold that
allows us to connect tangent spaces in the same way as the above
difference quotient does.
A linear connection on a manifold M is a map

V.TI(TM)xT(TM) — T'(TM),
which satisfies

1. Vaxiepx(Y) = iV Y + f2Vx, (total linearity in the first
argument),

2. Vx(fY) = (Xf)Y + fVxY (Leibniz rule),

25
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3. Vx(A1Y1 + A2Y2) = MVxYq + A,V Y, (scalar linearity in the
second argument),

for all Az,Az € R, f,f1,f2 € Cl(M) and X, Xl, Xz, Y, Y1,Y2 €
I'(M). Pay attention to the fact that the pointwise evaluation of
the resulting vector field happens in the first argument: (VxY), =
Vx,Y. Only having an isolated tangent vector in the second argu-
ment (Y above) makes no sense since we want to quantify exactly
how Y changes in the direction of X, at the pointp € M.

A linear connection is essentially the same thing as a covariant
derivative which is a R-linear map V : I(TM) — I'(T*"M ® TM)
that satisfies the product rule

V(fX)=df ® X + fVX

forall f € C*(M) and X € I'(TM). It is apparent that this is the
same definition as that of the linear connection but with currying
the first argument.

When we havea curve y € C*(I, M) for some interval I ¢ R and
a vector field X € T(TM) we say X is parallel along y if VX =0
forall t € I (or V; X = 0 for short). When we have a vector field X
that satisfies X, ;) = y(t) forall t € I then we say y is an autoparallel
curve with respect to Vif V7 =V, X = 0.

TENSOR CONNECTIONS. A linear connection implicitly defines a
dual connection V* : T(TM) x I'(T*M) — I'(T*M) by

d(@(Y))(X) = (Vyw)(Y) + w(VxY)

foreach X,Y e I'(TM) and w € T'(T*M).

From the linear connection and its dual we then also get connec-
tions for higher order tensor bundles by recursively applying the
following tensor product connection. Let V) and V® be connections
on some ranks of tensor bundles of M and s; and s, smooth sec-

tion of those tensor bundles, then the tensor product connections
V) @ V@ is defined as

(V(l) ® V(z)) (51 ®sp) := Vg)sl ®Sy+51® Vg)sz
X
for each X € T(TM).
From now on we will use the same symbol to denote the initial

linear connection on the tangent bundle and its derived connec-
tions on the cotangent and higher order bundles.
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CHRISTOFFEL SYMBOLS. Given a chart (U, u) of M we see how
a linear connection can be expressed in terms of the coordinate
basis of the chart. Let X, Y € I'(TM) so that X = )7, X'd,: and
Y = 27:1 Y/d,; on U, then

n
VY =V xig, | 2, Y/
j=1

n
= Y XV, (Yf&u;)

i,j=1
n . . .
= > XYI9,+ > XYV, 9,
=1 i,j=1

Now V, ;d,; € I(TU) for i,j = 1...n so these vector fields can
again be expressed in the coordinate basis of (U, u):

n
k
Vi, 9w = ) Thiou
k=1

for some 1"5.‘]. € C®(U). We call these local smooth functions l"f.‘]. the
Christoffel symbols of V on the chart (U, u). The expression for the
linear connection in the coordinate basis can then be cleaned up
to

n
— k k 5riv g
ny_gl XY +‘§ 1rin1YJ Oy
= iL,j=

PARALLEL TRANSPORT. A linear connection connects tangent
spaces in a more literal sense by giving a way of transporting
tangent vectors from one tangent space to another. Let p,q € M
and let y € C*([0, 1], M) be an embedding so that y(0) = p and
y(1) = q. Now define the parallel transport operator P, : T, M —
I'(Ty) so that it is linear and satisfies

(iPyXp)p = X, and
Vi Py Xy =0

forall X, e ,M and t € [0,1].
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We can see that t - (iPyXp)y (1) €xists and is unique by looking
at it in a chart. Without loss of generality consider a chart (U, u)
of M that fully contains y then P, is determined by its effect on

the coordinate basis:
_ _ j .
(71 @uy). = 2 PIO @y
j=1

where Plj :[0,1] = Rfori,j =1...n.Thetwo defining conditions
of parallel transport give use an initial value problem for the

functions Pf. The first condition translates to the initial conditions

sz 0) = 61 The second condition V) Py, X}, = 0 translates to the
following system of equations:

Pl == PO Y (BT, (1)

k=1

fori,j =1...n. Applying the Picard-Lindeldf theorem gives us the
existence, uniqueness of the solution to this system of ordinary
differential equations, additionally the solution is smooth since the
Christoffel symbols and the curve coordinates are smooth. Since
the points p, g and the curve y were chosen arbitrarily we can
now have a general method of transporting tangent vectors along
the manifold. Note that the parallel transport of the same tangent
vector between the same two points can still differ depending on
the choice of curve between those points.

Conversely, we can recover the linear connection back from the
parallel transport map. Say we have a basis {E; ,}!"; of T, M then
parallel transport gives us a basis {(iPyEi,p)y(t)}1?:1 of T,,yM for
allt € [0, 1]. So, at least along the curve, we can express the vector
figld Yas Yy = X, Yi(y(t) (:PVEirp)y(t) for some appropriate
Y' e C*(U). Let X, = 7(0) then we find

n
Vx,Y = 3 (XY7) Eip + V() Vs, (7,Ei)
i=1
but by definition Vx,PyEip = 0so we are left with

n
Vx,Y = Y X Y'E;,
i=1
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FIGURE 1.3: How parallel transport moves a tangent vector from
one point of the manifold to another depends on the
curve along which we transport the tangent vector.

as the expression for the connection in this frame.

We will compare this expression to the one we get by differen-
tiating using parallel transport. If P, : T, M — I'(Ty) is as before
we can extend its domain to all tangent spaces along the curve y
instead of just T, M by specifying that

Py (TVXP) =P Xy

()
for all X, € T,M and t € [0,1]. In effect we can recover the
whole vector field P, X, from any of its individual tangent vectors
Py (P Xp) () Mot just the initial X;,. In particular this allows us to
transport any tangent vector along the curve back to its starting
point p since

(?yyy(t))p €L,M

forany Y, ) € T, M.
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With parallel transport we can now give meaning to taking the
derivative of a vector field:

d
7 o),

&l a

t=0

((PV Z Yi(y(t) (:PVEirV)y(t))
i-1

Plt=0

N

d i

A4 i) (ﬂ?y (?yEl’p)V(t))P =0
n d ]

=), Y@ E,

= > X,Y'Ep,

i=1

which is identical to the expression we found for VX,,Y- We can
conclude that linear connections and a parallel transport maps
are interchangeable.

LEVI-CEVITA CONNECTION. In principle, we can in any chart
(U, u) select some Christoffel symbols Fi.‘]. € C*(U) and this (lo-

cally) defines a connection as long as Fifj = T;fl.. In practice we
will want to choose the connection so that it matches some other
structure of the manifold, in the case of a Riemannian manifold
we can first of all choose the connection to be compatible with the
metric.

A connection V is metric compatible with a Riemannian metric G
if VG =0, that is

X(g(yr Z)) = Q(VXY/ Z) + 9(Y/ VXZ)/ (19)

forall X,Y,Z € I'(TM). This property can be more easily under-
stood in terms of parallel transport: a connection is metric com-
patible if its associated transport maps are isometries. Meaning
that for any y € C*([0, 1], M) with y(0) = p we have

((?yxp)y(t)/(ﬂpyyp)y(t))g = (Xp/Yp)g ’

forallt € [0,1] and all X,, Y, € T,M. A corollary to this is that or-
thonormal frames are always transported to orthonormal frames.
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Metric compatibility does not yet uniquely determine a connec-
tion; an additional property we can impose is that of being torsion
free. We say a connection V is torsion free if

VxY -VyX =[X,Y]:=XoY-YoX (1.10)

forall X,Y € I'(TM) seen as linear C*(M) — C*(M) maps. Es-
sentially we want the non-commutativity of the connection to
match the non-commutativity of the vector fields of the manifold.
The non-commutativity of applying vector fields as expressed by
the Lie bracket is intrinsic to the smooth structure of the manifold,
we would like the connection we impose on top of the manifold
to respect this pre-existing structure.

Together the metric compatibility (1.9) and torsion freeness
(1.10) requirements determine a unique connection called the
Levi-Cevita connection, which we will denote by V3,

In a chart (U, u), the Christoffel symbols of the Levi-Cevita
connection are given in term of the metric tensor components per

1 n
ri=3 D (94t +9uiGej — 2 Gij) G (1.11)
=1
where G¥' € C*(U) are the components of the dual of §, i.e.
n . .

D 5% Gy =5 (1.12)

k=1
foralli,j,k=1...n.

1.9 GRADIENT, HESSIAN & LAPLACIAN

With the Riemannian metric and Levi-Cevita connection in hand
we can now generalize many differential operators that are use-
ful for constructing partial differential equations to Riemannian
manifolds.

GRADIENT. The Riemannian metric being an inner product field
gives us a canonical isomorphism between the tangent and cotan-
gent bundle given by X, - (X, -)g € TyM for each X, € T,M.
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The gradient of a function f € C*(M) is then the unique vector
field grad f € I'(TM) so that

(grad f, - )4 = df. (1.13)

We can examine what this expression evaluates to in a chart. Let
(U, u) be some chart of M, then we can write any X € I'(TU) using
the coordinate basis vectors as

X = Zn: X0,
i=1

for some X' € C*(U). Evaluating (1.13) with this vector field gives
(grad f, X)g = df (X) which expands to

;dui(gradf) aui,;Xfau, 9 = Z‘ Xi%,

the left side of which becomes

Z du'(grad £)X/ (9,i,9,i)g = Z Sii(grad )X/,

i,j=1 1j=1

where we abbreviate (grad f)' = du(grad f) € C*(U). We can
better see what this means for the previous equality in matrix
notation:

S11 ... S| |(grad f)! %
[x' X" o : =[x .. X" |
9n1 cee 91111 (grad f)n %
This can only hold for all X if
S11 ... Sin||(grad f)! %
9711 cee gnn (gl‘ad f)n 3(9,{;7

from which we can solve for the components of grad f by inverting
the matrix with the components of the metric tensor:
-1
%
(grad f)! S ... G 3—1{1

(grad /)" |G - G| |
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Since § is positive definite everywhere its associated matrices are
always invertible. We will denote the components of these inverted
matrices by moving the indices from subscript to superscript, i.e.
we define

-1

gt gln 911 S1n

9”1 9”” 9n1 9nn

asin (1.12).
We can now write the gradient of a function f in the local
coordinate basis as

L J
grad fu = Z 51203, (114)

It is common to overload to the connection symbol V to indicate
the gradient when applied to a scalar function, i.e. if f € C*(M)
then Vf = grad f. In cases where the metric being used is ambigu-
ous we can include it in the notation as Vg = grad with respect to
a Riemannian metric G.

HESSIAN. On a manifold M with a Levi-Cevita connection V9, we
define the Hessian of a smooth function f € C*(M) as the tensor
field Hess f € I'(T*M ® T*M) so that

Hess f(X,Y) := (VS df)(Y) = X(Yf) - (VI Y)f (1.15)

for any X,Y € I'(TM). Alternatively the Hessian with respect to
the Levi-Cevita connection can be expressed as Hess f(X,Y) =

(V;J; grad f, Y)g.
In a coordinate chart (U, u) the Hessian can be expressed with
the Christoffel symbols as

Hess f = i (Vgui df) (d,/)du’ ® du’

i,j=1

_Z(8u Foul kZ

i,j=1

d
l"ljaf )du ® dul. (1.16)
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LAPLACIAN. On a Riemannian manifold (M, §) with Levi-Cevita
connection V9 the Laplace-Beltrami operator, or Laplacian for short,
of a smooth function f € C*(M)is a denoted as Af € C*(M) and
given by the trace of the Hessian with respect to the Levi-Cevita
connection:

Af := trace (Hess f). (1.17)

In a chart (U, u) this becomes

Af—zn:Hessf@ i, 0 ’)—znl az—f—ifka—f
_izl we o _izl Jut dul £ Touk )’

where we recognize the familiar sum of second order derivatives
but with some first order compensatory terms that account for
the curvature of the manifold. In terms of the components of the
Riemannian metric § the Laplacian can also be written as

i af
o o i)

This concludes our recapitulation of the for us relevant topics in
Riemannian geometry.
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In the context of both deep learning and image processing we want
to talk about symmetries, specifically how some transformation
of the input of a system is reflected in its output. In our work we
consider continuous transformations of data that are given by a
Lie group. In this chapter we summarize what Lie groups are and
how they interact with homogeneous spaces. The main references
for this chapter are LEe (2012, Ch. 7, 20, 21) and Kopa (2009).

2.1 LIE GROUPS

A Lie group G is a smooth manifold that is also an algebraic group
so that its multiplication p : G X G — G and inversionv : G — G
are smooth. Multiplication of group elements will be denoted
by juxtaposition as g192 = (g1, £2) and inversionv : G — G
as ¢! = v(g). We will denote the unit element by e € G so that
for all ¢ € G we have ¢¢~! = ¢71¢ = e. Since it is a group, the
inverse ¢! exists for all ¢ € G and multiplication is associative, i.e.
(8182)83 = g1(8243) for all g1, g2, 2 € G. Multiplication need not
be commutative however, and in our applications it will generally
not be.

TRANSLATIONS. To every element ¢ € G there are associated
two special maps: left translation Ly : G — G given by Loh := gh
and right translation Rg : G — G given by R¢h := hg. These
left and right translations are smooth group homomorphisms of
the group to itself since they can be shown to be bijective and
also smooth since Ly = u(g, -) and Ry = u(-, g) and u is smooth.

Their inverses are equally smooth since Lgl = L¢-1and R; = Rg-1.
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Furthermore, it is easy to check that Ly o L, = Lg, and Rg o Ry, =
Rpg.

INVARIANT VECTOR FIELDS. Being diffeomorphisms, the left and
right translations induce pushforwards. Vector fields that stay
invariant under these pushforwards are of special interest. We say
a tangent vector field X € I'(TM) is left-invariant if for all ¢ € G we
have (Ly).X = X. We denote the set of left-invariant vector fields
as

X(G):={X €eI(TG)|Vg € G: (Lg). X = X}. (2.1)

Similarly, we say X is right-invariant if (Rg).X = X. We will be
working only with left-invariant vector fields so we reserve no
symbol for the set of right-invariant vector fields.

Left- and right-invariant vector fields are fully identified by
their value in any individual tangent space. Indeed, if X € I'(TM)
is left-invariant then X, = ((Lh)*X)g = (Lp)Xp-1q forall g, h € G,
hence it is sufficient to specify X in, say, T.G and then obtain X, =
(Lg).X, for all g € G. Which means that X(G) is isomorphic to
T.G or any other individual tangent space. The same observation
applies to right invariant vector fields.

A vector field being left or right invariant is equivalent to saying
that it commutes with the left respectively right translations. Say
X € X(G) then for all f € C*(G) and g, h € G we have

((Lg). X),, f = Xuf
= Xg—lh(f oLg)=Xuf

— ((X(f oLy)) o Lgfl) (h) = Xpf,
and so
X(foLg)=(Xf)oLg

forall f € C*(G) and g € G. If X was a right invariant vector field
then we similarly have X(f o Rg) = (Xf) o R forall f € C*(G)
and g € G.

LIE ALGEBRA. Let G be a Lie group and let X,Y € X(G) be left-
invariant vector fields, then the Lie bracket [X, Y] also yields a
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left-invariant vector field since for every f € C*(G) and g € G we
have

[X,Y](f oLg) = X (Y(f o Lg)) = Y (X(f o Ly))
=X ((Yf) o Lg) -Y ((Xf) o Lg)
=(X(Yf))oLg = (Y(Xf))oLg
=([X,Y]f)oLg

and so [X,Y] € X(G). This turns the set X(G) of left-invariant
vector fields into a Lie algebra, i.e. a vector space equipped with a
Liebracket [ -, - ] that satisfies the properties we detailed in Section
1.3. Since left-invariant vector fields are fully determined by their
value in T,G we can also identify ¥(G) = T,G and see T,G as a
Lie algebra with the Lie bracket on T, G being inherited from the
Lie bracket (i.e. commutator) of the corresponding left-invariant
vector fields as

[Xe, Ye] = [g = (Lg):Xe, & = (Lg)Ye], € T.G (2.2)

for all X,, Y. € T,G. The tangent space at the unit element together
with the inherited Lie bracket (2.2) is usually called the Lie algebra
of G and denoted by g := (T.G, [ -, - ]). Given that the Lie bracket
of g comes from the commutator of X(G) it is natural that g and
(X(G),[-, -]) are also isomorphic as Lie algebras.

STRUCTURE CONSTANTS. Suppose we have a basis (E;)_; of X(G),
then we can express X,Y € X(G)as X = Y X'E;and Y =
2y Y'E; for some X', Y' € R foralli = 1...n. Then by linearity
of the Lie bracket we get

[X,Y] ZX EZ,ZY]E Zn: XY[E;, Ej.

i,j=1

Since we know the Lie bracket of two left-invariant vector fields
yields another left-invariant vector field we can re-express the Lie
bracket of the basis vectors in terms of the same basis, i.e. there
exist constants cf.‘]. € Rforalli,j,k=1...nso that

k
[Ei, Ejl = ) cEx, (2.3)

k=1
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the coefficients cf.‘. are called the structure constants of G with re-
spect to the basis (E;)"_;.

EXPONENTIAL MAPS . Let G be a Lie group, then a group homo-
morphism y : (R, +) — G is called a one-parameter subgroup or
exponential curve of G. Being group homomorphisms, such curves
satisfy y(0) = e and y(s +t) = y(s)y(t) forall t, s € R.

Left-invariant vector fields naturally have an exponential curve
associated to them in the sense that if X is a left-invariant vector
field and y is an exponential curve with y(0) = X, then for all
t € R we have y(t) = X, (). Indeed exponential curves are exactly
the flow lines of left-invariant vector fields through the identity.
This can be verified as follows for any f € C*(G):

Xmf = ((Lyw). X) f
= Xe(f © Ly(t))
=7(0)(f o Ly@))

d
- (5) sorwoe

- (5) roe s

d
= (5 t(f °Lys)
=y(t)f.

Consequently, each exponential curve can be uniquely identi-
fied with its tangent vector at the identity y(0) since each such
tangent vector can be uniquely extended to a left-invariant vec-
tor field ¢ — (Lg).)’(0) and this left-invariant vector field subse-
quently yields the original curve again as an integral curve. Using
this we define the exponential map expg : ¢ — G as

exps(X) := y(1) (2.4)

for every X € g where y is the unique exponential curve with
7(0) = X,. This can be restated in terms of a flow (1.7) as

exp(tX) = FI(e).
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The exponential curve can easily be recovered as t — exp(tX),

from which we can also see that exp; ((s+t)X) = exp(sX) exp(tX)

and expG(X)‘1 = exps(=X).

From the fact that exp (X +Y) = exp;(Y + X) but in general we
have exp(X) exp(Y) # exps(Y) exps(X) we can surmise that in
general exp;(X +Y) # exp;(X) exp(Y) unless [X, Y] = 0.

Finally, we observe that for any ¢ € G and left-invariant vector
field X € g left multiplication L, must map integral curves of
X to integral curves of X. Consequently, t — L¢ exp(tX) is the
integral curve of X started at g, which means it corresponds to
the flow t - FIX(g). We conclude that the flow of X is given by
right multiplication by exp(tX) since Flf( (g) = Lgexps(tX) =
8 eXPG(tX) = RexpG(tX)g-

LOGARITHMIC MAP The exponential map is not necessarily in-
jective nor surjective but it can be restricted to a diffeomorphism
from a neighbourhood of 0 € g to a neighbourhood of e € G (LEg,
2012, Prop. 20.8). This allows us to locally invert the exponential
map. Say U is a neighbourhood of 0 € g and V' is a neighbourhood
of e € G so that the exponential map is a diffeomorphism between
them then we call its inverse the logarithmic map which we denote
by log. : V — U.

REPRESENTATIONS. Lie groups are often studied through their
actions on vector spaces. Given a Lie group G and vector space
V, then a representation is a pair (V, @) with ¢ : G — GL(V) a
group homomorphism, i.e. it has the property that ¢(g>g1) =
P(g2) o p(g1) for all g1, g2 € G. We say a representation is effective
An irreducible representation, or irrep for short, is a representation
(V, ¢) such that there is no (non-trivial) linear subspace W c V
that is closed under ¢, i.e. p(g)w € W forallw € W and g € G.

LIE SUBGROUPS. A Lie group H is a Lie subgroup of a Lie group
G if (i) it is an immersed submanifold of G and (ii) it is a subgroup
of G seen as an abstract group. In practice, most Lie subgroups are
identified through Cartan’s closed subgroup theorem, which states
that any closed (in the topological sense) subgroup of a Lie group
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is a Lie subgroup. In this case the subgroup inherits the subspace
topology and differential structure from the Lie group.

One way to generate Lie subgroups is through the Lie algebra.
Let g be the Lie algebra of a Lie group G and b C gis a Lie sub-
algebra, then there is a unique (connected) Lie subgroup H C G
that has ) as its Lie algebra. The reverse is also true, if H is a Lie
subgroup of G then its Lie algebra b is a subalgebra of the Lie
algebra g of G (Kopa, 2009, Thm. 1.5).

2.2 GROUP ACTIONS & HOMOGENEOUS SPACES

Lie groups are mostly interesting for how they can act on other
spaces and we will almost exclusively work in a setting where
data lives on a space that has a Lie group acting on it. Let G be a
Lie group and M a smooth manifold, then we say a smooth map
p:GxM — M is a smooth left group action if

* (g2, p(g1,p) = p(g281,p) forall g1,82 € Gand p € M and
* p(e,p)=pforallp € M.

Right actions can be defined similarly, but in our work we only
require left actions, henceforth for the sake of brevity we will
understand action to mean smooth left group action.

Next to the notation above it is also common to define p, :=
p(g, ) : M — M whichis a diffeomorphism for each ¢ € G. When
it is understood what the action is we can also write ¢ -p := p(g, p).
We use these three notations interchangeably depending on which
is most convenient in any given setting.

Given an action we call G - p := {g - p| g € G} the orbit of the
point p € M under the action of G.

For each p € M, the stabilizer or isotropy group of p is given by

Gy:={geGlg-p=p} (2.5)

which is always a subgroup of G due to the properties of the action.
Moreover, since the action is smooth if follows that if (¢, )nen is a
sequence in G, with lim;, .« ¢, = ¢ € G then

plep)=p (,}iggogmp) = lim p(gu, p) =p.
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Hence Gy, is closed and so by Lie’s closed subgroup theorem we
can conclude that Gy, is a Lie subgroup of G.

By definition we have that p,(p) = p for all ¢ € G, so we
also have that (pg).|, : T,M — T,M for all g € G,. Since by
the properties of group actions we have pj; o pg = pj, it follows
that (pp). o (pg)« = (png)+ From this we conclude that the map
I, : G, — GL(T, M) given by I,(g) := (pg)- is a representation, we
call this map the isotropy representation at p.

If we have a Lie group G, a smooth manifold M and an action,
then we say M is a homogeneous space with respect to G if the action
is transitive, meaning: for all p1, p2 € M there exists at least one
g € Gsothat g-p1 = p2. More colloquially: for every two points in
the homogeneous space there is at least one group element whose
action takes the first point to the second.

PRINCIPAL & TRIVIAL HOMOGENEOUS SPACES. A Lie group
is a homogeneous space with respect to itself with the action
being simply group multiplication, i.e. g - h := gh. This is called
the principal homogeneous space. On the other end is the trivial
homogeneous space {0} with the trivial action g - 0 = 0.

LIE GROUP QUOTIENTS. An important property of homogeneous
spaces is that all of them are diffeomorphic to a group quotient of
G by one of its closed subgroups H, i.e. to some G/H. We can see
this by choosing a reference element pg € M and considering its
stabilizer G, per (2.5). Recall that the stabilizer is a closed group
since ¢ — p(g, po) is continuous and so p( -, po)~! is closed in G
since {po} is closed in M.

Now any p € M can be identified with a coset of G, in the
form ¢1G,, where g1 € G is any group element so that g1 - po = p
(which always exists since the action is assumed to be transitive).
This mapping is well defined since in the first place:

(81Gpo) - po = 81+ (Gpy - po) = 81 Po = p,
and in the second place: if we have another g, € G with g>-po =p
then g1 - po = g2 - po and so gl‘lgz - po = po from which we

conclude that g;'¢> € Gp,. Since Gy, is a group itself we have
g{lngpo = Gy, then we have

81Gp, = 8181_182(3;70 = 82Gp,.
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The map from the left cosets of Gy, is a bijection that can be in-
verted by p — ¢,Gp, where g, is any group element so that
8p - Po = p. Since the action is smooth this map forms a diffeo-
morphism between G /G, and M, for formal proof see LEE (2012,
Thm. 21.18).

For brevity we can denote the left cosets of G, as

Gpyop :={8€Glg-po=p} (2.6)

and identify p = Gp,—p. Then the actionofa g € Gonap € M is
just left multiplication with the corresponding Gp,—,i.e. ¢ - p =
8Gpo—p = Gpoogp-

Remark that the reference point pg € M is entirely arbitrary
in this construction, so there is no special meaning to G, being
the only coset that is itself a subgroup of G. Choosing another
reference point will make that point’s corresponding coset a group
and the coset corresponding to po will (generally) stop being a

group.

THE QUOTIENT SPACE IS ALL YOU NEED. Since any homogeneous
space is diffeomorphic to some group quotient G/H with a closed
subgroup H we can also just work with the quotient space and
disregard the homogeneous space as a separate space. Any p €
G/H is then a subset p C G so that there exists at least one g, € G
so that p = gH. It then makes sense to say ¢ € p in the same way
as we could say ¢ € Gy, before. In this setting the reference
element po from before is exactly the closed subgroup H. We
denote the quotient map as © : G — G/H given by

n(g) = gH. (2.7)

The quotient map 7 is a smooth submersion by the homogeneous
space construction theorem in LEE (2012, Thm. 21.17).

2.3 SOME EXAMPLES

The main Lie group that we use in this work is the special Euclidean
group in two dimensions, or SE(2) for short, which we will discuss
extensively in Chapter 4. For now we introduce some other pair-
ings of Lie groups and homogeneous spaces that are also relevant
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for image processing applications but not directly used in our
work.

TRANSLATION GROUP. The space R"” can itself be seen as a Lie
group of translations where its group product is the usual vector
addition, i.e. xy = x + y for all x,y € R". When we want to
emphasize the interpretation of R" as a group of translations we
denote it as T, := (R", +). The translation action on itself as the
principal homogeneous space is the obvious x - y = x + y for every
x € T, and y € R".

SCALING AND TRANSLATION GROUP. The n-dimensional Lie
group of scalings and translations is defined as ST(n) = R"
R where the group product is given by (x,a2)(x1,a1) = (x2 +
apx1,aay) for all (x1,a1),(x2,a2) € R" X Rso. This group has
as unit element ¢ = (0,1) and the inverse is given by (x,a)™! =
(=*/a,1/a). Notice that this group is not commutative.

The space R" is a homogeneous space of ST(1n) under the action
(x,a)-y =x+ayforall (x,a) € ST(n)and y € R".

SIMILARITY GROUP. The n-dimensional Lie group of similarity
transforms is defined as SIM(n) = R" x (SO(n) X Rso) where the
group product is given by

(x2, Rp, a2)(x1, R1,a1) = (x2 + a2Rox1, RoR1, azaq)

forall (x3, Ry, az), (x1, R1,a1) € R"XSO(n)XR(. The unit element
of SIM(n) is e = (0,1, 1) and the inverse can be calculated as

(x,R,a)' = (=a7'R7'x,R71, a7,

and again the group is not commutative.
The space R” is a homogeneous space of SIM(n) under the
action
(x,R,a)-y=x+aRy

for all (x,R, a) € SIM(n) and y € R".
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2.4 GROUP INVARIANT STRUCTURES

Certain structures on the homogeneous space such as vector fields,
tensor fields, and metrics are special in that they are unaffected
by the action of the group.

INVARIANT RIEMANNIAN STRUCTURE. Being smooth manifolds,
homogeneous spaces can be equipped with a Riemannian metric.
In this setting we are interested in the Riemannian metric being
(left) invariant under the (left) action of the group. This means
that under a group action p of a group G the Riemannian metric
§eI(T"M ® T*M) satisfies (pg)*G = G forall g € G.

If we are working in the principal homogeneous space, i.e. the
group G itself, then the group action is just left multiplication, so
the (left) invariance requirement can be phrased as (L¢)*G = § for
all g € G. The invariance requirement can also be stated in terms
of the Lie algebra/left-invariant vector fields ¥(G) by requiring
that §(X,Y) must yield a constant function for all X,Y € X(G).
This implies that there is a natural identification of left-invariant
Riemannian metrics and inner products on X(G).

In the general setting, where the homogeneous space M under
consideration is not necessarily the group itself, the existence of
an invariant Riemannian metric depends on the isotropy repre-
sentation. Let I, : G, — GL(T, M) be the isotropy representation
at p € M, then there exists a G-invariant Riemannian metric on
M if and only if the closure of I,(G) is compact in GL(T, M). This
result is detailed in LeE (2018, Thm. 3.17). In our applications the
isotropy group itself will usually be compact, in which case I,,(G,)
will also be compact by continuity and an invariant Riemannian
metric exists.

PSEUDOMETRICS ON THE GROUP. If a G-invariant metric G exists
on a homogeneous space G/H then it has a natural counterpart on
G. Recall the quotientmap n : G — G/H (2.7) givenby 1t(g) = ¢H,
then

§.=m'Gerl (T(O'Z)G) (2.8)

is a pseudometric tensor field on the group G. It is not a full Rieman-
nian metric since it clearly is degenerate in the direction of H, i.e.
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| logs(h)|ls =0 forall h € H. Assuch || - || is a seminorm on any
given tangent space and not a full norm.

In the same fashion as § 1.7 this pseudometric tensor field in-
duces a pseudometric per

1
di(g1,g) =  inf /Ony'(t)ugdt. (2.9)

yeLip([0,1], G)
y(0)=g1, y(1)=g2

By construction we have that

ds(81, 82) = ds(g1H, $2H)

and in particular dz(g1, g2) = 0if g1, g2 € p for some p € G/H.
By requiring G and H to be connected, we get the following

strong correspondence between the metric structure on the homo-

geneous space and the pseudometric structure on the group.

LEMMA 2.1 Let g1, g2 € G so that n(g2) is away from the cut
locus of 1(g1), then:

dg(81, §2) = dg(1(g1), (82))-

Moreover if y is a minimizing geodesic in the group G connect-
ing ¢1 with ¢, then 7 o y is the unique minimizing geodesic in
the homogeneous space G/H that connects 7(g1) with 71(g»).

Proof. Assuming it exists, let y € Lip([0,1], G) be a minimiz-
ing geodesic connecting y(0) = g1 with y(1) = g» and let B €
Lip([0, 1], G/H) be the unique minimizing geodesic connecting
B(0) = m(g1) with (1) = n(g2). Because of the pseudometric on
G, minimizing geodesics are not unique, i.e. y is not unique. On
G/H we have a full metric and so staying away from the cut locus
means f is both unique and minimizing.
Denote the length functionals with:

1
Leng(y) := /0 170l d,

1
Leng/u(B) :=/0 IB)g dt.

45



46

LIE GROUPS & HOMOGENEOUS SPACES

Observe that by construction of the pseudometric tensor field G
on G we have: Leng(y) = Leng/y(m o y).

Now we assume 7t o y # 8. Then since f is the unique geodesic
we have

Leng/y(B) < Lengy(m o y) = Leng(y).

But then we can find some yy¢ € Lip([0, 1], G) that is a preimage
of B, i.e. ™ o yiry = B. The potential problem is that while yi¢(0) €
11(g1) and y1ee(1) € 11(g2), 1ier does not necessarily connect g; to .
But since the coset 7(g1) is connected we can find a curve wholly
contained in it that connects g; with y1i(0), call this curve yheaq €
Lip([0, 1], (g1)). Similarly we can find a yj € Lip([0, 1], (g2))
that connects yjie(1) to 2. Both these curves have zero length
since ™ maps them to a single point on G/H, i.e. Leng()head) =
Leng(ytail) = 0.
Now we can compose these three curves:

)/head(?’t) ift e [0/ 1/3]/
Vnew(t) = vire(3t — 1) ift € [13,2/3],
Vail(3t —2) ift € [2/3,1].

This new curve is again in Lip([0, 1], G) and connects g1 with g,
but also:

Leng(Ynew) = Leng(y1irt) = Leng,n(B) < Leng(y),

which is a contradiction since y is a minimizing geodesic between
g1 and g>. We conclude 7t o y = 8 and thereby:

d3(81, 82) = Leng(y) = Lengu(B) = dg(n(g1), (82))-
O

This result allows us to more easily translate results from Lie
groups to homogeneous spaces.

INVARIANT VECTOR FIELDS. A vector field X € I'(TM) is said to
be G-invariant (the action p is inferred) if

(Pg)* X=X
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for all ¢ € G. In the case of the principal homogeneous space these
are exactly the left-invariant vector fields but in general it may be
that very few vector fields satisfy this condition, down to only the
trivial vector field (i.e. the zero vector field) doing so.

INVARIANT TENSOR FIELDS. Since p, is a diffeomorphism for any
g € G the two specific cases above can be generalized to mixed
higher-order tensors that can be both pushed forward and pulled
back per (1.5).
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EQUIVARIANCE

A core notion in our work is that of equivariance, which is about
systems whose output transforms in a predictable manner when
their input is transformed in certain ways. Equivariance can be
understood very broadly but for our purposes we consider a very
specific type of geometric equivariance based on the Lie group
and homogeneous space theory of Chapter 2. This chapter is based
on LEE (2018, Ch. 7), FEDERER (2014, Ch. 2.7) , COHEN (2021) and
SMETs (2023, Ch. 3).

In the first two sections we make formal what we mean by
equivariance in the homogeneous space setting, with emphasis
on equivariant linear operators. In § 3.3 we cover our equivariance
theorem in the setting of scalar valued maps on homogeneous
spaces that admit covariant integrals. This theorem underpins our
later design of equivariant neural networks.

3.1 EQUIVARIANT MAPS & OPERATORS

Suppose G is a Lie group and M and N are smooth manifolds
with smooth (left) actions p™ and pN. Then we can consider maps
F : M — N that are equivariant with respect to those group actions,
ie.

F(pM(g,p)) = pN (g, F(p))

for all g € G and p € M, or more concisely:

F(g-p)=g F(p).
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An image of an apple
(top) follows by three
geometric
transformations
(translation, rotation
and scaling), the
bottom image is an
example of a
non-geometric
transformation that
we will not consider.
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Equivalently, F is equivariant if the following diagram commutes

for each g € G:
F

—

M
pé‘l oY
M _F

—

Z

=

ACTIONS ON FUNCTIONS. Thisidea extends naturally to operators
between function spaces on those manifolds. Suppose X is some
function space on M with arbitrary codomain and f € X then the
action pM : Gx M — M naturally induces an action p* : Gx X —
X by
P8 f)=FfopMg™, -). (3-1)

Straightforward computation allows us to verify that p* is indeed
a left action. We call p* the action on X induced by the action pM
on M.

If the space of functions X is a vector space, which it usually is,
then the action pX is linear in its second argument and so it is a
representation.

EQUIVARIANT OPERATORS. Let X be a function space on M and
Y a function space on N equipped with the corresponding repre-
sentations pX and pY per (3.1).

Then an operator A : X — Y is equivariant if

Aopf=pyoA,  VgeG, (3.2)

Or in words: for every group element doing the corresponding
transform on the input space X and then applying the operator A
gives the same results as first applying the operator A and then
performing the transform corresponding to the group element on
the output space Y. Or in words: letting a group element act on an
input and then applying the operator A yields the same results as
first applying the operator A and then letting the group element
act on its output.

3.2 INTEGRAL OPERATORS & COVARIANT INTEGRATION

Let us now examine what linear operators between functions
on homogeneous spaces are equivariant. Assume again that we
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have a Lie group G and two of its homogeneous spaces M and N
under the actions pM respectively p. Denote the vector space of
bounded and continuous functions on a space M by

BC(M) := B(M) N C(M). (3-3)

Let X = BC(M) and Y = BC(N) be the spaces of bounded and
continous functions on M respectively N which are equipped
with the actions induced on them per (3.1). Note that the space of
bounded and continous functions BC(M) is a Banach space under
the supremum norm || f || := SUpP, e lf(p)I.

INTEGRAL OPERATORS. An integral operator A : X — Y is given
by
APW= [ kalp ) i) 64

where a measurable ks : M X N — R is the so-called kernel of A
and u is a choice of Radon measure on M. As long as the kernel
k 4 satisfies

sup / |ka(p, g)l dum(p) < oo (3:5)
geN J M

then A is a bounded (and so continous) linear operator from X to
Y in the supremum norm (we prove this statement in Lemma 3.1).

We can now ask ourselves when operators of the type (3.4) are
equivariant, i.e. under what conditions do we have

Ag-f)=Alp"(g ) =p (3, Af) =g~ (Af)
for all f € X. It turns out we need two things for equivariance:

1. the integral needs to be invariant or covariant,

2. the kernel k4 needs to have the correct symmetry.

We tackle the invariant/covariant integral first.

INVARIANT INTEGRALS. When integrating over the Lebesgue mea-
sure on R" we obtain an integral that is translation equivariant.
Ideally we want the integral on M to be similarly invariant under
action by G, or formally

/ (g 1)) duna(p) = / Flg™ - p)dum(p) = / £(p) dum(p)
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X being a character
means x(e) =1 and
x(gh) = x(g)x(h).
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for any integrable function f : M — Rand all g € G. Thisimposes
a condition on the measure pj;, namely: for all measurable subsets
S ¢ M and g € G we require upm(g -S) = um(S) where g -
S:={g-pl|p €S}. In other words we need a (non-trivial) group
invariant measure to get the desired integral. When we integrate
with respect to such a measure we say we are using an invariant
integral. These G-invariant measures, or just invariant measures,
do not always exists but when they do not it is sometimes still
possible to obtain a covariant measure instead.

COVARIANT INTEGRALS. A linear character or just character of a
Lie group G is a continuous group homomorphism from G to the
multiplicative group of positive real numbers (R.o, -). A measure
um on M is said to be covariant with respect to a character y : G —
R if
pm(g - S) = x(8) um(S)

for all ¢ € G and measurable S C M. Integrating with a covariant
measure yields a covariant integral that satisfies

/ (@ £)p) duna(p) = x() / P dum®) ()
M M

for any integrable f : M — R and all ¢ € G. The invariant
measure/integral is then just a special case of the covariant mea-
sure/integral where y = 1.

HAAR INTEGRALS. In the special case of the principal homoge-
neous space, i.e. M = G with left multiplication as the action,
there always exists an invariant measure and therefor an invariant
integral. This measure is unique up to scalar multiplication and
is called the (left) Haar measure of G. Integrating with the (left)
Haar measure yields an invariant integral that we call the (left)
Haar integral. The right Haar measure and integral similarly exist
and are unique (up to scalar multiplication) but need not coincide
with their left-invariant counterparts. See FEDERER (2014, Ch. 2.7)
for details on this topic. We will only be use the left Haar integral
so we will just refer to it as the Haar integral.

NOTATION. We will only be working in homogeneous spaces that
admit invariant or covariant integrals and only ever consider one
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per space, so we write integrals without naming the measure.
Hence fM ...dp will by default mean an invariant/covariant inte-

gral and /G ...dg will mean the (left) Haar integral.

3.3 EQUIVARIANT LINEAR OPERATORS

Now that we have established the necessary properties of the in-
tegrals we can move on to examining what kernel symmetries are
required for an integral operator to be equivariant. Many equiv-
ariance results of this type exist for a plethora of settings, hence
ours is similar to existing work. Indeed, what we present here is
almost the general result from CoHEN (2021, Ch. 9.4) restricted to
the scalar codomain, but ours is distinct in that we include the
option of a covariant integral and we make a statement about the
boundedness/continuity of our operators. Another similar result
is by BEKKERS (2019) which uses the Radon-Nikodym derivative
to deal with non-invariant integration instead of our covariant
approach and uses different function spaces. For those reasons
we present our specific results as propositions with proofs.

Our main result is Theorem 3.3, which will be an important tool
in designing equivariant neural networks. We start with a lemma
that specifies which symmetries the 2-argument kernel from (3.4)
needs to have for its corresponding operator to be equivariant.
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LemMA 3.1 Let M and N be homogeneous spaces of a Lie
group G so that M admits a covariant integral with character
XM. Let A be an integral operator (3.4) from BC(M) to BC(N)
with a kernel k4 € C(M X N). Then

A(g- f) =8 (Af)
forall g € G and f € BC(M) if and only if

xm(8) ka(g-p, & q)=kalp, 9) (3-8)

forallg € G,p e Mand g € N.
Moreover A is bounded (and so continuous) in the supremum
norm if

SUP/M lka(p,q)ldp < 0. (3-9)

qeN

Proof.

“" 7”7

=

Assuming A to be equivariant, take an arbitrary ¢ € Gand f €
BC(M) and substitute the definition of the group representation
and A in the equality ¢! - A(g - f) = Af to find

/kA(p,g-q)f(g‘l-P) dp=/ ka(p,q) f(p) dp  (3.10)
M M

forall g € N.
Fix g € N and let F(p) := ka(g - p, & - 9)f(p). Then observe that

€ P(p)=ka(g g™ p.g Df-p)=kalp,g- 9 (g p)

which is the left integrand from (3.10). Since we have assumed
covariant integration we have

/ (§-F)(p) dp = xu(g) / F(p) dp.
M M

Applying this to (3.10) we find

XM(g)/MkA(g%g-v/)f(p)dp=/MkA(P,c/)f(p) dp. (3.11)
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Since f was arbitrary and p +— ka(p, q) continuous it follows that

xm() ka(g-p,g-q) =kalp,q)
forall p € M.

" 7”7

=

Assuming xm(g) ka(g-p,g-9) =kalp,q)forallge G,pe M
and g € N then (3.11) follows for any choice of f € BC(M), g € G
and g € N. Substituting the covariant integral the other way yields

(3.10), which implies g™! - A(g - f) = Af since g € N is arbitrary.

The function f and group element g were also chosen arbitrarily
so the result follows for all f € BC(M) and g € G.
Finally, boundedness of A in the supremum norm follows from

IAfIl., = sup / kalp. 1)1 (p) | < sup / katp, )1 1F () dp
qeN
<Ifll., - sup / ka(p, q>|dp(3<‘”oo
qu M

O

The condition on the kernel (3.9) is partially redundant with
the symmetry requirement as the following lemma shows.

LEMMA 3.2 In the same setting as Lemma 3.1. If the kernel
ks € C(MXN) satisfies the symmetry (3.8) and for some g € N
satisfies

/ [ka(p, g)l dp < oo
M

then
||kA('/q1)||L1(M) = ||kA(‘rq2)||Ll(M)
for all 41,42 € N.
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Proof. Since N is a homogeneous space then for all q1,9, € N
there exists a ¢ € G so that g1 = g - g2, then

/ lka(p, 1)l dp = / ka(p, g - 2)| dp
M M
=/M|kA(g'g‘1~P,g-qz)|dp
68 = +)/ [ka(g™ - p, 42)| dp
(3.7) = XM(g)/ lka(p, q2)| dp

- / ka(p, 32)] dp.
M

O

The condition on the kernel from Lemma 3.1 can be exploited to
express it as a function on M instead of M X N. If we fixa go € N
and for all ¢ € N we choose a g; € G4, (i-e. so that g; - g0 = q)
then by (3.8) we have

ka(p,9) = xum(gy") ka(gy" - p. 87" - q)

which fixes the second input of k 4. Consequently we could contain
all the information of our kernel in a function that exists only on
M as xa(p) := ka(p, q0). This reduced 1-argument kernel x4 still
has some restrictions placed on it for the resulting operator to be
equivariant, as the following theorem makes precise.
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THEOREM 3.3 (Equivariant linear operators) Let M and N be
homogeneous spaces of a Lie group G so that M admits a
covariant integral with respect to a character yyu of G. Fix a
go € N and let k4 € C(M) N LY(M) be compatible, i.e. have the
property that

Vh € Gy :h-xa=xm(h)xa. (3.12)

For each q € N choose a g; € G so that g; - g0 = g, then the
operator A defined by

1
NG = s /M (89 kA)P) £ (p) dp

is a well defined bounded linear operator from BC(M) to BC(N)
that is equivariant with respect to G. Conversely every equivari-
ant integral operator with a kernel k4 € C(M X N) and with
ka(-,q) € LY(M) for some g € N is of this form.

Proof.
“ 7

=

Assuming we have a k4 € C(M) N L}(M) that satisfies (3.12).
Define k4 € C(M x N) by

1
XM(gq)

kalp,q) = (8q - ©4)(p)-

Then k4 is well defined since it does not depend on the choice of
gq foragiven g € N.If g7 is another group element with g7 g0 = g
then there exists a h € Gy, so that g/ = g,/ (recall § 2.2). We can
check k4 is invariant under choice of & € G:

L en o) o
Xartga) 81 KA = gy 81 )
1
= (8g - €a)(p)-

xm(gq)
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Note that k 4 is
measurable even if

q > gq is not. The
latter map could be
made not measurable
by pathological
choices of gq in each
equivalence class but
per (3.12) this does
not affect k4.
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The kernel k4 also satisfies the symmetry requirement (3.8) from
Lemma 3.1:

xm(8) ka(g-p, 8- q)=xm(g) (S(g-q) " KA)Ng " P)

1
xm(8(g-9)

xm(g) (885 -xa)g-p)

1
xm(88q)
xm(g)

~ am(xm(gy)
1

" am(gy)
= kA(p/ Q)

(84 %4)(g'gp)

(g5 - xA)(p)

By Lemma 3.2 we have
sup [ Wkap, )l dp = BeaCc 0l = Bl <
geN JM

Consequently, A also satisfies (3.9) and is a bounded equivariant
linear operator per Lemma 3.1.

“” 7”7

=
Assuming we have an equivariant linear operator A with kernel
ks € C(MxN) then we pick a fixed qp € N and define k4 € C(M)

ka(p) = ka(p, qo).

This reduced kernel « 4 satisfies the compatibility condition (3.12)
since if 1 € G4, then

(h-xa)p) =ka(h™ - p,q0) = ka(h™ - p, k™" - qo)
= xm(W) ka(p, go) = xaa(h) ka(p).

Since we required ka(-,q) € L'(M) for some g € N, we apply
Lemma 3.2 to find

licallpn = 1kaC q)llpagan = 1kaC-, Dl gy < oo
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GROUP CONVOLUTION. In the setting where both input and out-
put homogeneous space are the principal homogeneous spaces,
i.e. G = M = N, Theorem 3.3 simplifies greatly. Indeed M = G
admits a Haar integral so xp = 1 and the isotropy group of any
group element is trivially {e¢}. Consequently, the compatibility
condition (3.12) is trivially satisfied and so any x4 € C(G) N L}(G)
defines an equivariant linear operator A : BC(G) — BC(G) by

(Af)(h) = [ (h-xa)Q) f(g)dg = | xa(h™'g) f(g)ds.
G G

We also call this operation group cross-correlation and denote it as

(1 %c f)() := /G k(h'g) f(g) dg.

As in the familiar R" setting, group cross-correlation is closely
related to group convolution, which is defined as

(% +c F)(h) := /G ¥(gh) f(g) dg.

Group cross-correlation and group convolution are the same up
to inversion of the kernel, i.e. k g f = & *g f if k(g71) = %(g) for
all g € G. If it is clear from the context that we are operating in a
group we drop the subscripts from the * and * symbols.
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The Lie group of primary interest in our research is the special
Euclidean group in two dimensions, also known as the group of two-
dimensional rigid body motions since it consists of the translations
and rotations of two-dimensional objects. This Lie group will
allow us to make image processing algorithms that are equivariant
to both translation and rotation of the input image, which is a
desirable property for various image processing tasks.

4.1 DEFINITION & ESSENTIAL PROPERTIES

The Lie group SE(2) is defined as SE(2) := (R?, +) = SO(2), where
(R?, +) is the usual R? as an additive group and SO(2) ¢ GL(2)
is the one-dimensional group of planar rotations represented as
orthogonal 2 X 2 matrices with determinant 1. The semi-direct
group product of two elements (x1, R1), (x2, R2) € SE(2) is given
by
(XZ, Rz)(xl,Rl) = (X2 + szl,Rle). (41)

The unit element of SE(2) is then given by e¢ = (0, I) and inversion
by (x, R)™' = (-R~!x, R™!). Clearly, SE(2) is not commutative.

We often parametrize the matrices of SO(2) by their angle of
rotation 6 € R/(2nZ) as

R(O) :=

cosB —sin 6]

sinf cos@

with the group product given by R(61)R(62) = R(61 + 0;). Simi-
larly, it can be convenient to use the so called small angle identifica-
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We use the
semi-direct product
symbol > here to
emphasize that SE(2)
is not the direct
group product but
that the right factor
enters the
computation of the
left factor.
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The map SE(2) —
R2 X [-7t, mt) is not a
chart since the image
is not an open subset
of R3, though as long

as we are careful
around the periodic
boundary it serves as
a convenient

coordinate system.
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tion SE(2) = R? X [-m, ), in which case the group product can be
written as

(x2, 02)(x1, 01) = (x2 + R(O2)x1, (01 + 02 + m mod 27) — 1)

for all (x1, R1), (x2, Rp) € R? x [-mt, 7). The unit element then be-
comes e = (0,0) and inversion is given by (x, 0)™! = (~R(-0)x, —0)
if 0 € (-m, m) and (x, =)' = (x, =) if not.

HAAR INTEGRAL & MEASURE. The usual Lebesgue integral on
R? x [-7r, 1) € R3 is also the Haar integral on SE(2). Consider
(y,PB) € SE(2) acting on some integral function f : SE(2) — R.
Then

/Rz[:((%ﬁ)'f)(X,Q)dex

= /R 2 / :f (.7 (x, 0)) do ax

i cos(—p) —sin(-p) 0
:/ / f(z,9) [sin(~) cos(-p) 0| dpdz
R2 J -7 0 0 1

- [ [ reowe

Hence the integral is invariant under left translation of the function
f. The left Haar integral implies the left Haar measure u through

u(s) = /S dg

for any measurable S C SE(2).

LIE ALGEBRA BASIS. The Lie algebra of SE(2) is denoted by se(2).
Recall that the Lie algebra of a Lie group G is its tangent space at
the unit T, G and is isomorphic to the set of its left invariant vector
fields X(G). The identification of SE(2) = R? X [-m, ) gives us a
natural basis of se(2) = T, SE(2), namely

A1 = (8x1)e , Ap:= (axz)e , Asz:= (89)6 . (42)
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This basis of se(2) extends naturally to a basis (A;, A, A3) for
X(SE(2)) through the pushforward of the left multiplication L for
all ¢ € SE(2):

(‘Al)g = (Lg)*All (‘AZ)g = (Lg)*AZ/ (‘A3)g = (Lg)*A3-
Working out these expressions leads to the following more tangi-
ble formulas where we let ¢ = (x, 0) = (x', x2, 0):

(A1),0) = €080 (Ix1)(x,0) + N O (d:2)x,0),
(A2)(x,6) = —sin O (dy1)(x,0) + €05 O (dy2)(x,0), (4.3)
(A3)x,00 = (96)(x,0)-

These three vector fields are illustrated in Figure 4.1.

FIGURE 4.1: Our preferred basis for left invariant vector fields on
SE(2) consists of the vector fields A1, A, and Az given

by (4.3).

Naturally, left invariant vector fields are group equivariant oper-
ators on smooth functions under the action of left multiplication.
Denote the induced action of left multiplication on a function
f € C*(SE(2)) with g - f := f o L1, then

(A F) = (AD(F 0 Lg) = ((Lgah(An) £ = (A g,
for all h € SE(2). At the same time we have
h g ((Anf) = (Ai)g-1nf,
so we may conclude that A;(g - f) = g - (Aif) forall g € G,
f € C®(SE(2)) (or at least differentiable) and i = 1,2, 3. Hence,

left invariant vector fields form an important class of equivariant
operators on a Lie group.
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puaL BasIs. The dual basis (w!, w?, w®) c ¥(SE(2))" for the left
invariant covector fields is defined by a)i(Aj) = 6; and can be

expressed in terms of the usual duals (dx!, dx?, d6) as
(@0 = €os0(dx')y,g) +sin 0 (dx)x9),
(0?)(x,0) = —sin O (dx")(y, ) + cos O (dx?)x,0), (4.4)
(@0 = (dO),0)-

Naturally, this dual basis is also left invariant in the sense that
(Lg)*a)i = w' forall g € SE(2)and i = 1,2,3.

STRUCTURE CONSTANTS. The structure constants of the left invari-
ant frame (A1, Ay, A3z) follow from straightforward computation
with the expressions in (4.3) that yield

[A1,A2] =0, [A1, A3l =-Az, [Az,Asl=A1.  (45)

Consequently, the only non-zero structure constants are

2 _ 2 _ 1 _ 1 _
c3=-1, 5 =1, cp=1, c3=-1

Being noncommutative the vector fields A;, Ay, A3 are not the
coordinate basis tangent vector of some chart.

4.2 INVARIANT RIEMANNIAN METRIC

On SE(2) a Riemannian metric § € I'(T* SE(2) ® T* SE(2)) can be
expressed in the above dual basis as

3
§= Z Gijw' ® @’ (4.6)
ij=1

where each §;; € C*(SE(2)) so that [G;;(g)] is a symmetric positive
definite matrix at each g € SE(2).



4.2 INVARIANT RIEMANNIAN METRIC

We generally want the Riemannian metric to be left invariant,
ie. (Lg)'§ = Gforall g € G. This requires that

i Sijw' ®w =G =(Lg)'S
- i (Sij o L) ((Lg)*wi) ® ((Lg)*wf)

’

[y

3
Z gl]oL wi®a)j
]:

which requires that forall i, j = 1,2,3and g € SE(2) that §;joL, =
Gjj. Since for any h1, hy € SE(2) we can always find a ¢ € SE(2) so
that h, = ghy, the above equality can only hold if all the functions
§ij are constant. From which we conclude that all (left) invariant
Riemannian metrics on SE(2) are of the form (4.6) with constants
§ij € R that form a symmetric positive definite matrix [§;;] € R3*3,
Hence, all invariant Riemannian metrics on SE(2) have only 6
degrees of freedom.

DIAGONAL METRIC. Most of the time we give a canonical interpre-
tation to the left invariant vector fields A1, A> and A3z. We interpret
Aq as being the main direction and interpret moving along it as
going forward, similarly we think of A, as pointing sideways and
moving along or against it as moving laterally to the left or right.
Finally we think of moving along or against A3 as rotating coun-
terclockwise or clockwise.

Under this interpretation it makes sense to consider Riemannian
metrics that are diagonal with respect to this basis, that is, the
Riemannian metrics that are given by

3
§= Z Giiw' ® @' (4.7)

where G;; € R, for i =1, 2, 3 are the 3 degrees of freedom of this
family of Riemannian metrics. The parameters G171, G2» and Gs3
can be thought of as the cost of moving longitudinally, the cost of
moving laterally and the cost of rotating respectively. We will use
this type of Riemannian metric in several applications.
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Using the small
angle identification
implies © mod 27 €
[-7, ) for the
purpose of numerical
computations.

THE LIE GROUP SE(2)

4.3 EXPONENTIAL AND LOGARITHMIC MAP

The exponential map expgp,) : se(2) — SE(2) is given in terms
of the basis A1, A2, Az and the small angle identification (x, 0) €
R? X [-7, 7t) by

1oos € — 2sin &) sinc &
(C COS2 C Sll’lz)SHlC2

1 2 3 .3 3\ . 3
eXPSE(z)(C Ay +c"Ay +cAz) = (cl sin & + c? cos %) sinc & |

c3 mod 27

(4-8)

2 3 € R, where the sinc : R — R function is given

for any ¢!, c
by
SINX if x £ 0,

X

1 if x =0.

sinc(x) :=

See also BEKKERs (2017, §2.3.3.). Clearly, (4.8) is not injective. It
is surjective however, as can be seen from the logarithmic map
1085]5(2) : SE(2) — se(2) given in terms of the same basis and small
angle coordinates as

2} 2¢6in 8
C052+x 51r12 )
: 0
SIHCE

x1

logSE(z)(xl, x?,0) =
sin % + x2 cos g (4-9)
As

. ¢}
SInc 5

—x1

+

+ 60 As.

Computation verifies that the logarithmic map is a right inverse
of the exponential map, i.e. expggy) ©108g ;) = idsg(z), but it is not
a left inverse. Technically we choose a branch of the logarithmic
map here since we can replace (4.9) by

0+2mn  x'cos§ +x%sing
0 sinc ¢ !
0 +2mn —x! sin% + x2 cos %
0 . sinc £ 2

2
+ (0 + 27n) As
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for any n € Z and still get a right inverse of the exponential map
but one that maps to a different subset of se(2).

EXPONENTIAL COORDINATES OF THE FIRST KIND. The coeffi-
cients from (4.9) can also serve as a coordinate system when taken
on their own:

1 0 2 im0

X' cos% + x“siny

11 22 Ay .— 2 2
c(x,x%,0):= —
SIHCE

—lgin € + x2cos &

2061 32 ) x'sing +x°cos (4.10)

c“(x",x%,0) = —
sinc 3

0

Axt, x%,0):

which are called the exponential coordinates of the first kind.

4.4 THE SPACE OF POSITION AND ORIENTATIONS M

The space of positions and orientations in d dimensions is defined
as the smooth manifold M; := R? x $9-1. For the case d = 2 we
have M, = R? x S! = SE(2), though for d > 2 it is not the case
that My is equivalent to SE(d) = R? = SO(d) since the former has
2d — 1 dimensions and the latter has !/2d(d — 1) dimensions. Since
M, = SE(2) and each Lie group is a homogeneous space of itself,
M is a homogeneous space of SE(2).

It may seem redundant to assign a different name and symbol
to what is essentially the same object but the two different names
emphasize the two roles a Lie group can play: first as a space in
which we do geometry and let functions live (the homogeneous
space) and second as a set of transformations that can act on that
space and encodes its symmetries (the Lie group). We will use
both the designations M, and SE(2) when we want to emphasize
those different roles.
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4.5 R? AS A HOMOGENEOUS SPACE

acTioNs. The standard way by which SE(2) acts on R? is by trans-
lating and rotating the plane, or more formally through the (left)
action p : SE(2) X R? — R? given by

g y=(x,0)-y=pg(y)=p(g,y):=x+R(O)y (4.11)

for any ¢ = (x,0) € SE(2) and y € R?. We choose any of the
equivalent notations depending on what is convenient in a given
setting. This action naturally induces an action on functions on
R? through (g - f)(y) := f(g~! - y) forany f : R? - R.

The standard frame on R? is given by the vector fields d,1 and
d,» whose duals we denote with dy! and dy?. In terms of the frame
(dy1,9,2), the pushforward of the action with a group element
g € SE(2) on a vector field is determined by

(pg)dyt = (P(x,0)):0,1 = €080 dy1 +5in6 3,2,

12
(Pg):dy2 = (P(x,0)):0y2 = —sin 0 d,1 + cos 0 2. (4-12)
Similarly for the coframe (dy!, dy?) we have
(pg)* dy1 = (p(x,0)" dy1 = cos0O dyl +sin 0 dy2,
(4.13)

(pg)* dy2 = (px,0) dy2 =—sinf dy1 +cos 6 dyz,

so that ' ‘

((Pg)* dyl) ((Pg)*ayf) =9
for all g € SE(2). Note how the previous equations only depend
on angular coordinate 6 and not on the translation coordinates
x = (x!,x2), this is expected since the vector fields dy1,d,2 and

covector fields dy!, dy? are translation invariant but not rotation
invariant.

INVARIANT INTEGRAL. The Lebesgue integral on R? is invariant
under action by SE(2) since the Lebesgue measure is rotation and
translation invariant, i.e. rotating a translating a shape does not
change its Lebesgue measure/surface area. Hence we have

[ nmar= [ swa
R2 R2
for all ¢ € SE(2) and (integrable) f : R> — R.



4.5 R? AS A HOMOGENEOUS SPACE

INVARIANT RIEMANNIAN METRIC. Riemannian metrics on R?
that are invariant under action by SE(2) are very limited. In fact,
only isotropic metrics are invariant under SE(2) , that is, the met-
ric has to be a scalar multiple of the standard Euclidean metric
9euclid = dyl ® dyl + dyZ ® dyZ.
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Part 11

DEEP LEARNING

The second part of the thesis details our research
into neural networks. Our chief effort here consists of
developing a neural network architecture for image
processing and related tasks that is based on partial
differential equations. We call this new type of neural
network a PDE-based group convolutional neural network
or PDE-G-CNN for short. Such an architecture adds
a strong geometric prior to the network that is benefi-
cial in low-data applications that require strong equiv-
ariance. The PDE based approach complements the
group equivariance approach by giving us a set of
equivariant operators for any choice of group or ho-
mogeneous space. We first summarize group equivari-
ant convolutional neural networks in Chapter 5 before
we develop PDE-based networks on top of them in
Chapter 6.






GEOMETRIC EQUIVARIANCES IN NEURAL
NETWORKS

In this chapter we cover the design of group equivariant convolutional
networks for imaging applications. In many image processing tasks
it is desirable for a system to exhibit equivariance with respect
to typical geometric transforms such as translation, rotation and
scaling. Group equivariant convolutional networks (or G-CNNs)
as put forward by CoHEN (2021), COHEN, GEIGER, and WEILER
(2020), and CoHEN and WELLING (2016) provide a framework for
designing neural networks that includes these symmetries as a
structural part of the network. Their work builds on earlier rigid-
motion scattering networks by SIFRE (2014) and SIFRE and MALLAT
(2013, 2014) that also take equivariant processing as per Duits
(2005, Thm. 21) and Duirs and BURGETH (2007) as their starting
point.

The G-CNN framework has yielded many follow-on works that
can be roughly categorized as

e discrete G-CNNs (CoHEN and WELLING, 2016; DIELEMAN,
Dk Fauw, and KAvUKcUOGLU, 2016; DIELEMAN, WILLETT, and
DAMBRE, 2015; WINKELS and COHEN, 2018; WORRALL and
BrosTow, 2018),

¢ regular continuous G-CNNs (BEKKERS, 2019; BEKKERS, La-
FARGE, et al., 2018; FINz1, STANTON, [zmAILOV, and WILSON,
2020; LAFARGE, BEKKERS, PLuM, Duirts, and VETA, 2021; Oy-
ALLON and MALLAT, 2015),

Saying a model is
group equivariant
and convolutional is
technically
redundant since the
group equivariance
requirement will
enforce a
convolutional
structure on its
linear operators.

¢ and steerable continuous G-CNNs (ESTEVES, ALLEN-BLANCHETTE,

Maxkapia, and DANIILIDIS, 2018; KONDOR and TRIVEDI, 2018;
WEILER and CEsa, 2019; WEILER, HAMPRECHT, and STORATH,
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LeCun et al. (1989)
is also known as the
LeNet paper and
KRIizZHEVSKY,
SUTSKEVER, and
HINTON (2012) as
the AlexNet paper.
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2018; WORRALL, GARBIN, TURMUKHAMBETOV, and BrRosTow,
2017) thatrely on Fourier transforms on homogeneous spaces
(CHIRIKJIAN and KYATKIN, 2000; Duirts, BEKKERS, and MASH-
TAKOV, 2019).

Both regular and steerable G-CNNs arise naturally from linear
mappings between functions on homogeneous spaces that have
equivariance constraints placed on them. Regular G-CNNs have to
extend the domain and lift feature maps to a higher homogeneous
space to obtain equivariance, as we will see in this chapter.

Steerable CNNs on the other hand extend the codomain by gen-
erating fiber bundles in which a steerable feature vector is assigned
to each position in the base domain. Although steerable operators
have benefits in terms of computational efficiency (FRANKEN, VAN
ALMmsIcK, RONGEN, FLORACK, and TER HAAR ROMENY, 2006; REISERT,
2008), working with steerable representations puts constraints
on activations within the network which limits its representation
power. Hence, we take regular continuous G-CNNs as our point
of departure.

CHAPTER OUTLINE. After a brief re-examination of traditional
convolutional neural networks (CNNs) from the viewpoint of
equivariance we will develop the general architecture of G-CNNs
starting from the theory in Chapter 3 and then work out the details
for the rotation-translation setting where we use the Lie group
SE(2).

5.1 CONVOLUTIONAL NEURAL NETWORKS

The early convolutional neural networks from LECUN et al. (1989)
and later KrizHEVSKY, SUTSKEVER, and HINTON (2012) are the origi-
nal group equivariant neural network avant la lettre. Convolutional
neural networks are commonly abbreviated to CNNs or ConvNets.
These networks have three main ingredients:

1. convolution layers,

2. pointwise activation functions,

3. pooling operations.
We will discuss the pooling operations separately in § 5.3. In this
section we cover the first two ingredients.



5.1 CONVOLUTIONAL NEURAL NETWORKS

CNN FROM TRANSLATION EQUIVARIANCE. We can in retrospect
derive the CNN architecture from first principles using trans-
lation equivariance. Take the n-dimensional translation group
T. = (R", +) that acts on the homogeneous space R" via the ac-
tionx -y := x + y for every x € T,, and y € R". Then by applying
Theorem 3.3 we find that an equivariant linear integral operator be-
tween bounded and continuous functions A : BC(R") — BC(R")
has to be of the form

(Af)(x)

[ xaw sy
= [ st iy
= / rkaly —x) f(y) dy,

where we use the Lebesgue measure (which is translation invari-
ant) and where the compatibility condition on x4 € C(R") N
LY(R™) is trivial since we are working in the principal homoge-
neous space of T,,. This last equation is nothing more than the
usual cross-correlation equation or convolution equation if we
invert K 4.

DISCRETIZATION. To implement a CNN one naturally needs to
discretize the continuous convolution/cross-correlation opera-
tion, usually on a regular finite grid. Our continuous notion of
equivariance makes little sense in the discrete world. So when we
say a discrete implemented network is equivariant we mean that it
would be equivariant in the continuous setting. We could call this
equivariance up to discretization. For practical applications we count
on being able to discretize finely enough to have good enough
discrete equivariance for a given application’s requirements.

CNN LAYERS. We conclude that for a traditional neural network
that operates on spatial or temporal data (such as images and au-
dio) to be translation equivariant it must be based around convolu-
tion. In addition to convolution any type of pointwise computation
with data is of course also equivariant, which we will need for the
combining of channels and the activation function. Hence, given
a set of input functions (u;“)lcz"i Cc BC(R") we can construct a con-
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‘Traditional neural
network should be
understood as having
trainable linear
operators and
pointwise activation
functions as in
BENGIO,
GOODFELLOW, and
COURVILLE (2017,
Ch. 6).
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The activation
functions can be
considered as part of
the convolution layer
as we do here or as a
separate layer.
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volutional layer that outputs a set of functions (u"“t) out ¢ BC(R")

as follows:
Cin .
u]QUt =0 Z aijj (kl’ * u;n) + b]'
i=1

(51)

where each k; : R" — R is a trainable kernel and each a;; € R
is a trainable coefficient, the bias term b; € R is optional and
0 :R — R is some choice of activation function that is applied
pointwise. As is conventional in deep learning literature we will
also refer to these u functions as feature maps. When not referring to
a specific instance of a feature map we also refer to them as channels,
so we would say about the above operator (um)c‘“ — (u ;)“t)] “as
having Ci,, input channels and Coyt output channels. The layer in (5.1)
is called a single channel convolution layer or depthwise convolution
layer. Figure 5.1 illustrates this type of layer in the 2-dimensional
discretized setting.

convolut|ons pointwise linear activation
comblnatlons function

l

\011
102\@/'

inputs R3x4x4 kernels R¥®2  matrix R23 outputs outputs R233

FIGURE 5.1: In a single channel convolution layer, also called
depthwise convolution layer, each input channel is
assigned a single kernel. After doing a cross-
correlation/convolution on each input channel we
take pointwise linear combinations of the resulting
maps to generate the desired number of output chan-
nels. The biases (b in (5.1)) are omitted.

The alternative to the single channel convolution layer is the
multi channel convolution layer, which is given by the formula

O“t Z kij * u +bj (5.2)

where each foreachi =1...Cnandj=1...Cou, kij : R" — Riis
a trainable kernel. Hence, in this setup each combination of input
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and output channel is assigned its own kernel. This type of layer
is illustrated in Figure 5.2.

convolutions pointwise sums  activation
function

—_

=y @

= DO

inputs R3*4x4 kernels R2X3x2x2 outputs R2*33

FIGURE 5.2: In a multi channel convolution layer each output channel
is assigned a stack of kernels, where each stack has
a kernel for each input channel. This results in Coyt -
Cin kernels. The resulting outputs of the Coyt + Cin
cross-correlations/convolutions are then summed up
pointwise for each output channel resulting in Coyt
output channels. The biases (b in (5.2)) are omitted.

The single and multi-channel convolution designs are equiva-
lent in the sense that for every network using one type of layer
an equivalent network can be constructed using the other type Be |28 28

(possibly with more layers when going from multi-channel to 02122122
single-channel convolution layers). The benefit of the single chan- I olftz1

. . . . . ¥1l0,011,0(2,0
nel convolution layer is that it logically separates intra channel .
processing (the convolutions) and inter channel processing (the ir
linear combination of channels) while these are intermingled ina  ; (fo,0[0,1]0,2]0,3
multi channel convolution layer. 1,0{2,1]3,2{4,3

2,0(2,1(2,2}2,3

DISCRETIZING. To be implemented (5.1) and (5.2) need to be dis-  gopera image
cretized, we will briefly summarize how this is normally done.  coordinate

For imaging and other temporal/spatial modalities, discretizing ~ Conventions exist.

. . . . . The Cartesian index
is usually done using a uniform rectangular grid. In this case both ; .

. L. . convention (top) is
the input and kernel are samples on a finite rectangular grid and  ,.;1aps more natural
the kernel slides over the input grid. The finite pointwise multipli-  mathematically but
cation and sum of the kernel elements with their corresponding  the array index
input elements yields an output element. This is illustrated in convention (botfom)

. is ubiquitous in
Figure 5.3. implementations and
Since the input grid is in practice finite and the kernel consists of  used in Figure 5.3

more than one element, the output size of the discrete convolution ~— and 5.4.
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FIGURE 5.3: An illustration of discrete convolution (or cross-
correlation) in 2D. Here the input f € R** (colored
blue) is convolved with the kernel k € R>3, which
yields an output (kx f) € R¥? (colored purple). There
is no padding applied to the input and the kernel
moves strides of 1 in each direction which shrinks the
output.

does not need to match the size of the input as is the case in
Figure 5.3. When shrinking of the feature maps is not desirable
we add padding as in Figure 5.4 to be able to preserve the feature
map dimensions.

FIGURE 5.4: Adding padding to the input f € R*** creates a larger
effective input f € R that allows the output of
the convolution operation to retain the size of the
original input. The most common type of padding
is zero-padding, where each out-of-bounds value is
assumed to be zero.

In the examples from Figure 5.3 and Figure 5.4 the kernel is
translated over the input in single element increments. We can
also move the kernel multiple steps each time. How many steps
the kernel is moved each time in any given direction is called the
stride. An example of convolution with strides larger than 1 is
shown in Figure 5.5.



5.1 CONVOLUTIONAL NEURAL NETWORKS

- .

FIGURE 5.5: In discrete convolution (or cross-correlation) the ker-
nel can stride over the input multiple elements at a
time. Here the kernel has a stride of 2 in each dimen-
sion.

ADDING EQUIVARIANCES TO A CNN. Now suppose we wish to
add an additional equivariance to a 2-dimensional CNN, say with
respect to rotation or scaling, both natural requirements in many
image processing applications.

Starting with adding rotation equivariance we would upgrade

to the group SE(2) and take the setting from Chapter 4. The Lebesgue

measure on R? is rotation and translation invariant, so we have
an invariant integral. But this time, the homogeneous space R?
(that we use both on the input and output side) is not the principal
homogeneous space of SE(2) and so as per Theorem 3.3 we have a
non-trivial compatibility condition on our kernels. Specifically, let
the origin 0 = (0,0) € R? be the reference element of the homo-
geneous space. Then its stabilizer is Go = {0} x SO(2) c SE(2), i.e.
just the roto-translations mapping the origin to itself. The compat-
ibility condition on any kernel k : R> — R we use is then - k = k
for all h € Gy, or more concretely

k(R(O)x) = k(x)

for all 6 € [0,2r) and x € R?, meaning that the kernels need to
be isotropic. This is a severely restrictive condition on the kernels,
one that would cripple a network since it precludes any detection
of directional features.

Thing will get even worse if we want to add scaling equivariance
on top of rotation equivariance. To be equivariant with respect to
the SIM(2) group the kernel would need to be rotation and scale
invariant, i.e.

k(aR(0)x) = k(x)
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foralla >0, 0 € [0,2n) and x € R2. This only holds if the kernel
is constant, which would preclude any meaningful processing.
Clearly, to design a neural network architecture for image pro-
cessing (and other spatial /temporal modalities) that has these
equivariances another approach is called for. The answer is the
G-CNN that we will explore next.

5.2 GROUPEQUIVARIANT CONVOLUTIONAL NEURAL NETWORK

Say we need a neural network layer that takes in a set of scalar
functions on a space M and outputs a set of scalar functions on a
space N. We will restrict ourselves to continuous and bounded
functions as in Chapter 3. We call the input function space X =
BC(M) and the output function space Y = BC(N). We assume M
and N are both homogeneous spaces with respect to some Lie
group G so that we can talk about equivariances in the sense of
Chapter 3.

From Theorem 3.3 we know how to construct an equivariant
linear operator from X to Y. The symmetry of the kernel of the
operator is dictated by the compatibility condition (3.12) which
depends only on the choice of output homogeneous space N. In-
deed, the larger dimensional N is, the easier the compatibility
condition. When N is the principal homogeneous space the con-
dition is trivial with no extra symmetry requirement placed on
the kernel. This is then how we will escape the overly restrictive
kernel symmetries we stumbled over in the previous section: by
expanding the output domain of our operators.

LIFTING TO SE(2). If we apply Theorem 3.3 for M = R? and

N = M, = SE(2) we obtain an equivariant linear operator A :
BC(M) — BC(N) of the form

0= [ (o -bwima. 63
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where f, k : R> — R and k has no further symmetry requirements
for A to be equivariant. We can rework this equation by noting
that

((x,0)- k) (y) = ((x,0)-(0,0) - k) (y)
=((0,0) - k) ((x,0)" - y)
=(0,0)-k)(y —x),

and so we can rewrite the expression for A as

(Af)(x,0) = /Rz ((0,0)- k) (y —x) f(y)dy = (((0,8) - k) x f) ().
(5-4)

This means that we can express the operator A as a convolution
with various rotated versions of the kernel k given by (0, 0) - k =
x = k(R(=0)x) for each 6 € [0,2m). This process is called lifting
to SE(2). This operation can readily be discretized as is illustrated
in Figure 5.6. This is the approach taken by BEKKERS, LAFARGE,

et al. (2018) and LAFARGE, BEKKERS, PLuiM, Duits, and VETA (2021).

convolutions stack
*,
*
/
=
* —_—
?
*
*
-
input on R? rotated instances output on M,

of a kernel on R?

FIGURE 5.6: An illustration of how (discrete) feature maps on R?
are lifted to M, (or SE(2)) in an equivariant manner.
A set of rotated instances of the same R? kernel is
made and a convolution is performed on the input
map with each instance of the kernel. Not shown is
the padding needed to maintain the size of the spatial
dimensions, the colors are strictly illustrative.

The lifting of images or other spatial/temporal data to higher
dimensional homogeneous spaces is a very general technique not

81



82

GEOMETRIC EQUIVARIANCES IN NEURAL NETWORKS

confined to SE(2). In Figure 5.7 the same idea is illustrated for
the scaling and translation group ST(2) (recall § 2.3) where the
input maps are convolved with scaled versions of the same kernel.
Lifting to SIM(2) would work the same way by making a set of
rotated and scaled versions of a kernel.

convolutions stack

input on R? scaled instances output on ST(2)
of a kernel on R2

FIGURE 5.7: An illustration of how (discrete) feature maps on R?
are lifted to ST(2) in an equivariant manner. A set of
scaled instances of the same R? kernel is made and
a convolution is performed on the input map with
each instance. Not shown is the padding needed to
maintain the size of the spatial dimensions, the colors
are strictly illustrative.

Lifting has a rich mathematical history outside of its recent use
in G-CNNs. We will cover this topic more in Chapter 9 when we
use lifting outside the confines of neural networks.

LIFTING LAYER. We can incorporate the lifting operator by replac-
ing the convolution operations in the first layer of a CNN. Say we
have a set of feature maps (u:n)f::“i C BC(R?) and wish to generate

a set of lifted feature maps (ul?’“t)l.cz"i“ C BC(My). We can do this by

modifying (5.2) to use the lifting expression from (5.4) as follows:
Cin .
u]‘.’ut(x, 0)=o0 (Z (((0, 0) - kij) * ull.n) (x) + bj) (5.5)

i=1

forj =1...Cou, where thekernels k;; € C (R?)NL%(R?) and biases
b; € R are the trainable parts of the layer and 0 : R — R is a scalar
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activation function that is applied pointwise. Discretizing (5.5)
yields the construction in Figure 5.8 for a 3-to-2 channel lifting
layer.

lifting pointwise  activation
sum function

\
\
72@*

—_— —_— —_—
inputs on R2 kernels on R? lifts on M> outputs on M

FIGURE 5.8: The architecture of a R? (3 channel) to M, (2 channel)
lifting layer is based on the multi channel convolution
layer from Figure 5.2 but instead of convolving the
kernels with the inputs we perform a lift as per (5.3)
and Figure 5.6. The 3-dimensional feature maps on
M, produced by this are summed up for each output
channel and passed through an activation function
to yield the output maps.

GROUP CONVOLUTION LAYER. Once the lifting layer has pro-
duced feature maps that live on M, we can once again apply The-
orem 3.3 to build an equivariant operator that works on feature
maps on M. Let the operator A : BC(M,) — BC(M) be given by

2n
@p@or= [ 70K prwpddy

for every f € BC(My), (x, 0) € M, and some kernel k € C(M;) N
B(My). Since this operation works with functions on the group (i.e.
the principal homogeneous space) instead of lower-dimensional
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homogeneous spaces it is also referred to as SE(2) group cross
correlation and denoted by

(k *se@) f) (x,0) = /Rz /02” k ((x’ 8)_1(%[3)) fly, BBy

(5.6)
or by inverting the kernel referred to as SE(2) group convolution:

ose 11,0 = [ [ {0570, 0) 5008

(5.7)
When the group we are working in is clear we drop the subscripts
on the * and * symbols.

In deep learning it is conventional to refer to both cross-correlation
and convolution as simply convolution. Indeed, convolutional lay-
ers in neural networks generally implement the cross-correlation
operation. We will distinguish the two when talking about the
operation being performed, but in keeping with convention we
will still refer to the networks and layers as convolutional regardless
of whether the underlying implementation uses cross-correlation
as in (5.6) or convolution as in (5.7).

We can now insert this operation into the single channel convo-
lution layer from (5.1) to obtain a single channel group convolution
layer. Let Cin, Cout € N be the number of input respectively out-

put channels of the layer and let (u;“)lcz“i c BC(M;) be the input

. COLI
tfeature maps, then the output feature maps (u}n) _ t c BC(My)

=1
are given by

Cin
u].out =0 (Z aij (kl *SE(Z) M;n) + b]) (58)

i=1

for j = 1...Cout, where k; € L'(My) N C(M») are the trainable
kernels and 4;;,b; € R the trainable coefficients and biases for
i=1...Cpnandj=1...Cou. Once we discretize (5.8) we get the
layer architecture illustrated in Figure 5.9.

PROJECTING BACK DOWN. Generally we are not interested in
higher-dimensional feature maps but in an output that is a pro-
cessed image or some form of categorical classification. In other
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SE(2) group convolutions pointwise linear activation
combinations function

- o o o
inputs (R5X5%5)3 kernels (R33*3)3 matrix R2<3 outputs (R5*5)2

FIGURE 5.9: The architecture of an SE(2) equivariant M, to M,
group convolution layer is based on the single chan-
nel convolution layer from Figure 5.1 except that the
feature maps and kernels live on M, and the conven-
tional spatial convolution is replaced by the SE(2)
group convolution.

words, we need to go back down to a lower-dimensional homo-
geneous space, either the original R? in case we desire an image
output or the trivial homogeneous space {0} in the case of classi-
fication tasks. Going from higher to lower-dimensional homoge-
neous spaces is referred to as projection.

We can apply Theorem 3.3 once again to obtain an operator
with trainable kernel. In practice, trainable projection operators
are rarely used for two reasons. First, they are not necessary since if
more network expressivity is required another group convolution
layer can be inserted before the projection. Second, while lifting
and group convolution layers have no restrictions on the kernel, in
the case of projection the kernel compatibility condition (3.12) will
not be trivial and so the kernel will require certain symmetries.
This presents an added complication for implementation that can
be avoided by fixing the projection operation.
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Two variants are common for projecting a feature map on M,
to one on R2. The first is the linear projection that integrates over
the orientations per

2n

(Prinf)(x) := ; f(x,0)do (5.9)

for any f : M, — R and all x € R?. The second is the maximum
projection that takes the maximum over the orientations per

(Pmax f)(x) := pmnax )f (x,0) (5.10)

for any f : M, — R and all x € R?. These projections are natu-
rally SE(2) equivariant. Once we have conventional spatial feature
maps once again we can use more conventional neural network
operations to obtain the desired final output.

lifting layer group convolution layers projection layer

!

|

- : :
inputs on R2 intermediate feature maps on M; outputs on R?

FIGURE 5.10: An example of an SE(2) equivariant CNN that takes
in 3 two-dimensional feature maps on the left and
outputs 2 two-dimensional feature maps on the right
(say for segmenting an RGB image into two classes).
The kernels of the lifting and group convolution
layers have no symmetry requirements.

OVERALL ARCHITECTURE. The three layers we presented, the
lifting, group convolution and projection layers, constitute the
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core ingredients of a group equivariant convolutional neural net-
work (G-CNN). Since all these layers perform only equivariant
operations, a network built with them will be equivariant as a
whole. This overall lift-convolve-project architecture is illustrated in
Figure 5.10.

NON TRAINABLE LIFTING. Having a trainable lifting layer as in
(5.5) and Figure 5.8 is not the only option for lifting the input of the
network to a higher homogeneous space. Indeed the orientation
score transform that we use in Chapter 9 can be used instead of a
lifting layer to transform the input image to a set of feature maps
on M directly. The actual neural network can then start straight
away with group convolution layers. This approach was shown
to work in BELLAARD, PA1, BEscos, and Duirs (2023). In our work
on PDE-based CNNSs in the the following chapters we restrict
ourselves to the trainable lifting layer.

5.3 POOLING

Another common operation in CNNs is pooling, which is used to
coarsen the spatial discretization of feature maps going through
the network. Pooling is conceptually similar to convolution in that
a window slides over the input much like a kernel does in convo-
lution. The difference is that instead of taking a weighted sum of
the kernel elements with their corresponding input elements a
fixed collating function is applied to the input elements in each
window. This collation function typically consists of taking the
maximum, the minimum or the average of the elements in the
window. This type of operation is illustrated in Figure 5.11 for a
conventional CNN.

POOLING IN THE CONTINUOUS SETTING. Pooling operations are
rarely discussed outside of the discrete setting but they can be
formulated in the continous setting as well. We can think of the
conventional discrete pooling operation as actually doing two
separate things:
1. replacing each element in the grid with a collation of ele-
ments in its window and
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FIGURE 5.11: Pooling operations slide a window over the input
feature maps and collate the elements inside the win-
dow through a choice of F : R#window elements _, g
Usually F is taking the maximum, minimum or aver-
age and the stride of the window is chosen to equal
the size of the window.

2. subsampling the grid.

The second operation is one that only makes sense in the discrete
setting, but the first can also be formulated in the continous setting
and captures the essence of the pooling operation.

Staying in the R" setting, let us define a window as a compact
subset W C R", possibly but not necessarily centered around the
origin and having a single component. A maximum and minimum
pooling operation with window W on a function f : R” — R can
then be formulated as

MaxPool(f, W)(x) :=sup f(x +y),
yeW

' . (5.11)
MinPool(f, W)(x) := inf f(x +y).
yeW
An average pooling operation can be defined as
1
AvgPool(f, W)(x) := Tol0W) ‘/Wf(x +y)dy. (5.12)

If we let the window W be some hypercube around the origin,
say W = [-D, D]" for some D > 0, then we have continuous
operations that will match the familiar pooling operations from
Figure 5.11 once discretized and combined with downsampling
of the output.
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Observe how these pooling operations are translation equivari-
ant, i.e. for all z € R"

MaxPool(p — f(p +z), W)(x) =sup f(x +y + 2)
yeW

= MaxPool(f, W)(x + z)

and similarly for the other pooling variants.

We can now wonder if we can formulate these type of pooling
operations on homogeneous spaces in a way that makes them
equivariant. This was done by CoHEN (2021, §2.4.3) for princi-
pal homogeneous spaces, i.e. the groups themselves, but not for
homogeneous spaces in general.

EQUIVARIANT MAX POOLING. We first generalize maximum and
minimum pooling to homogeneous spaces. Let M be a homoge-
neous space of a Lie group G with reference element py. Let the
window of the pooling operator W now be a compact subset of
the group, potentially but not necessarily consisting of a single
component containing the unit element.

If M was the principal homogeneous space, i.e. M = G, then we
could proceed as per COHEN and WELLING (2016, §6.3) and COHEN
(2021, §2.4.3) and define

MaxPool(f, W)(p) := sup f(g) (5.13)
gepW

for any f : M — R. This construction does not directly translate
to non-principal homogeneous spaces and will require some work
in the same vein as we saw for Theorem 3.3.

We start by modifying (5.13) by picking a g, € G that satisfies
gp po=p forevery p € M, i.e. gy € Gp,—p. Then we could write
the maximum pooling of a function f : M — R with window
W cGas

MaxPool(f, W)(p) := sup f(g - po). (5.14)
gegpW

This properly generalizes (5.13) since if M = G and we let pg = ¢
then g, = p and ¢ - po = ¢. The problem here is well-posedness,
the result should not depend on our choice of g, € Gp,—,. Take
two group elements g, g, € Gp,— then there exists an h € Gy,

89

Recall that Gp,—p is
the set of group
elements that map pg
to p as per (2.6).

Recall that Gp, is the

isotropy group of po
as per (2.5).



90

GEOMETRIC EQUIVARIANCES IN NEURAL NETWORKS

so that g, = gph, consequently

?
sup f(g-po)= sup f(g-po)= sup f(g-po)
gegpW gegphW gegpW
should hold, but the last equality only holds if t/W = W. Thus, in
general, (5.14) is only well-posed if

Vh € Gy, : hWW =W, (5.15)

or in words: the window should be invariant under the action of
the stabilizer of the reference element py. It is no accident that this
condition on the window is essentially the same as the condition
on the kernel (3.12) that we found was required for equivariant
linear operators to be well-posed in Theorem 3.3.

We can now check with W C G satisfying (5.15) that (5.14) is
indeed equivariant. Let h € Gand f : M — R then

MaxPool(h - f,W)(p) = sup f(h™'g - po)
gegpW

= sup f(g"po)
hg'egyW

= sup f(g"-po)
g'eh1gW

= sup f(g, ' PO)
8'€gy-1,W
= (h - MaxPool(f, W)) (p),

from which we conclude that MaxPool(-, W) : B(M) — B(M) is
indeed an equivariant operator. Naturally, equivariant minimum
pooling works the same way except we take the infimum instead
of the supremum.

MORPHOLOGICAL CONVOLUTION. Observe that (5.14) can also
be written as

MaxPool(f, W)(p) = sup f(q)
q€gpyW-po

= sup f(q) + twpo(g; " - 9)
qgeM

(5.16)
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where we define the morphological indicator function vs : M —
{0, 00} as

0 ifpes,

ts(p) = (5.17)

—oo else.
We used the morphological indicator function ¢ here in the same
way we use the conventional indicator function 1: M — {0,1} to
say something like

[rmar= [ fpiserap

for some S C M.

The benefit of writing maximum (or minimum) pooling as in
(5.16) is that is reveals a convolutional structure similar to Theo-
rem 3.3 if one replaces the integral by the supremum and replaces
multiplying the function with the kernel by adding them to each
other. Indeed if one defines morphological convolution of a kernel
k:M — RU {co} and function f : M — R by

(komf) (p) = qigAfA (8p - ©)q)+ f(q)

(assuming appropriate symmetries on k analogous to (5.15) for
well-posedness), then one can also define maximum and mini-
mum pooling by

MaxPool(f, W) := — (Lw.pODM(—f))
Mil’lPOOl(f, W) = LW‘pODMf-

We will come back to the topic of morphological convolutions in
the next chapter.

AVERAGE POOLING. Average pooling can rely on our previous
results from Theorem 3.3 since it is a linear operator. Let M admit
an invariant integral and measure u. We define the kernel we will
use as the normalized indicator function of W - po:

1
kw(p) := WHW'PO(P)I

p(W
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which is in L'(M) if W is compact. Then we define the average
pooling operator AvgPool(-, W) : BC(M) — BC(M) as

pp— 1 _1 .
AvgPool(f, W)(p) = m /M ﬂw.po(gp q) f(q)du(q)

= m /M To,wpo(q) f(q) du(q)

1
= W ) o f(q)du(q).

(5.18)

The kernel x is not continuous so we do not strictly satisfy the
conditions of Theorem 3.3 but as long as W is compact AvgPool( -, W)
is still a bounded linear operator on BC(M). We verify equivari-
ance since we cannot technically apply Theorem 3.3. Let g € G
then

AvgPool(g - f, W)(p)

- m /M Tg,wpo(q) £(&7" - 9) du(q)

_ m /M Totg wopo (8™ - @) f(g7 - ) du(g)
_ m /M Vgt wepo(@) £(7) du(9)

= L T, @) F) o)

1
= v L T @) 1@ )
= (g - AvgPool(f, W)) (p),

since f and ¢ were arbitrary we conclude that AvgPool(-, W) is
indeed equivariant.

We have now generalized all traditional CNN operators to equiv-
ariant counterparts in the continous setting. These generalized
operators are the first step towards developing PDE-based equiv-
ariant neural networks.



PDE-BASED CONVOLUTIONAL NEURAL
NETWORKS

In this chapter we introduce PDE-based group CNNs or PDE-G-
CNNi s for short. Built on the group CNNs from the previous Chap-
ter 5 we present a PDE-based framework that replaces the usual
CNN trifecta of convolution, pooling and activation function with
a Hamilton-Jacobi type evolution PDE, or rather a numerical solver
for such a PDE.

Formulating these PDEs on homogeneous spaces allows us to
retain the equivariance properties of G-CNNs while adding an
additional prior in the form of PDE-based data processing. We
will work out the specifics of this approach for our primary case
of interest: roto-translation equivariance.

This chapter is based on the initial work in SMETs, PORTEGIES,
BEkKERS, and Duits (2022) which was followed up on by BELLAARD,
Bon, Pai1, SMETs, and Duirs (2023), Pa1, BELLAARD, SMETS, and Duits
(2023) and BeLLAARD, Pa1, BeEscos, and DuiTs (2023).

6.1 INSPIRATION

KERNELS AS GREEN’S FUNCTIONS. Convolutional neural network
already carry a certain resemblance to numerical PDE solvers.
Consider how many inhomogeneous linear differential equations
are solvable by convolving the initial value with a Green’s function.
For example, in the R" setting the diffusion equation

dru(-,t)=Au(-,t)

u(-,0) =uy
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is solved by convolution with the Gaussian kernel G; as u(-,t) =
Gt * UQ.

This means that convolutional layers in neural network as in
Figure 5.1 and 5.9 are already closely related to numerical solvers
of linear PDEs. The ‘solvers’ learned are restricted in the sense
that they are necessarily linear and limited by the generally small
discrete size of the kernels used in neural network. On the other
hand these ‘solvers’ are unrestricted in the sense that there is no
structure imposed on the kernel outside it discrete size and so no
particular control over what type of PDEs (if any) can be learned.

POOLING AS A MORPHOLOGICAL PDE. Another analogue can
be found between maximum and minimum pooling in neural
network and morphological PDEs. In mathematical morphology
one is concerned with the analysis of shapes, for an overview see
SERRA and VINCENT (1992). The two fundamental operations in
mathematical morphology are dilation and erosion. They roughly
correspond to maximum respectively minimum pooling with a
variable sized window. Dilation and erosion relate to the Hamilton-
Jacobi initial value problem on R":

dru(-,t) = £H(du(-, 1)),
u(-,0) = up(-),

corresponding to dilation with (+) and erosion with (-). Under
appropriate conditions on the Hamiltonian |, : T;R" — R
(Evans, 2022, §3.3.2) the solution is given by the Hopf-Lax formula

u(x,t) = yigqun {uo(y) +tL (g)} , (6.1)

where £ : R" — R is the Lagrangian associated to the Hamilto-
nian H. We can write minimum pooling (5.11) in a similar manner
as

MinPool(f, W)(x) = invgf (x +y)
ye
= inf (f(x +y)+kw(y))
yeR

= inf (f(y) + kw(y — x))
yeR
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where we let
0 ifyeWw,
k=1 7

oo else.
These types of PDEs have a rich history in image processing (VAN
DEN BOOMGAARD and SMEULDERS, 1994; BREUB and WEICKERT, 2009;
MARAGOs, 2005; SOILLE et al., 1999) and their appearance in dis-
guise in classical CNNss is encouraging towards our approach.

RESIDUAL CONNECTIONS AS EULER STEPS. Additive residual con-
nections, where the input of a neural network’s layer (or set of
layers) is added to its output have become ubiquitous (L1u et al.,
2022; Woo et al., 2023) in CNNSs since their introduction by HE,
ZHANG, REN, and SuUN (2016). See the margin figure for an illustra-
tion. An additive residual is reminiscent of solving an evolution
equation dyu = F(u) using the forward Euler method where one
iteratively computes u(f + At) = u(t) + At F(u(t)). This connection
is is further explored by linking neural networks with ordinary dif-
ferential equations (CHEN, RUBANOVA, BETTENCOURT, and DUVENAUD,
2018; KIDGER, 2022; SANDER, ABLIN, and PEYRE, 2022).

6.2 RELATED WORK

DOMAIN EXTENSION. With G-CNNs being the starting point for
developing PDE-G-CNNs we take a domain extension viewpoint
where input feature maps are lifted to higher homogeneous spaces
as in Figure 5.6 or 5.7. This idea previously originated from coher-
ent state theory (AL1, ANTOINE, GAZEAU, et al., 2000), orientation
score theory (Duirs, 2005; Duirs, Duits, vaN ALMSICK, and FLo-
RACK, 2004), cortical perception models (CirtI and SARTI, 2006)
and rigid-body motion scattering (SIFRE, 2014; SIFRE and MALLAT,
2014).

We will mainly be concerned with the Lie group SE(2) and
its principal homogeneous space M, but other Lie groups/ho-
mogeneous spaces have been used as extended domains such as
the Heisenberg groups (Barsieri, Citt1, Coccl, and SARTI, 2014;
Durrs, FUHR, et al., 2013), SIM(2) (BASPINAR, 2018) and SE(3)/SO(2)
(BOLELLI, 2023; PORTEGIES, 2018) for example.
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PROBABILISTIC-CNNS. Our geometric PDEs relate to a-stable
Lévy processes (Duits, BEKKERS, and MASHTAKOV, 2019) and cost-
processes akin to (AkIAN, QUADRAT, and VIOT, 1994), but then on
the homogeneous spaces like My rather than the usual R¥. This re-
lates to probabilistic equivariant numerical neural networks (Finzi,
BoNDEsAN, and WELLING, 2020) that use anisotropic convection
and diffusion on R¥.

In contrast to these networks, the PDE-G-CNNss that we pro-
pose allow for simultaneous spatial and angular diffusion on M.
Furthermore we include nonlinear Bellman processes (AKIAN,
QUADRAT, and V10T, 1994) for maximum and minimum pooling
over Riemannian balls on M.

KERCNNS. An approach to introducing horizontal connectivity in
CNNs that does not require a Lie group structure was proposed
by MonNTOBBIO, BONNASSE-GAHOT, CITTI, and SARTI (2019) and
MonNTOBBIO, SARTI, and C1TTI (2020) in the form of KerCNNs. In
this biologically inspired metric model a diffusion process is used
to achieve intra-layer connectivity.

While our approach does require a Lie group structure it is
not restricted to diffusion but also includes convection and dila-
tion/erosion.

DIFFERENTIAL EQUATIONS AND NEURAL NETWORKS. The con-
nection between neural networks and differential equations be-
came widely known in 2017, when WEINAN (2017) explicitly ex-
plained the connection between neural networks and dynamical
systems especially in the context of very deep ResNets (HE, ZHANG,
REN, and SuN, 2016). This point of view was further expanded
by Lu, ZHONG, LI, and DoNG (2018), showing how many very
deep neural networks can be viewed as discretizations of ordinary
differential equations.

The somewhat opposite point of view was taken by CHEN,
RuBaNOVA, BETTENCOURT, and DUVENAUD (2018), who introduced
a new type of neural network which no longer has discrete layers,
replacing them by a field parameterized by a continuous time
variable. Weinan E also indicated a relationship between CNN5s
and PDEs, or rather with evolution equations involving a nonlocal
operator. Implicitly, the connection between neural networks and
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differential equations was also explored by the early works of
CHEN, Yu, and Pock (2015) who learn parameters in a reaction-
diffusion equation. This connection between neural networks and
PDEs was then made more explicit by LonG, Lu, Ma, and DoNG
(2018) who made it possible to learn a much wider class of PDEs
with their PDE-Net. More recent work in PDE inspired neural
networks includes RutHoTTO and HABER (2020) and SHEN, HE, LIN,
and Ma (2020).

Basing neural network computations on PDEs formulated on
manifolds also makes the processing independent with respect to
the choice of coordinates on the manifold in the fashion of WEILER,
FoRrRE, VERLINDE, and WELLING (2021).

More recent work in this direction includes integrating equiv-
ariant partial differential operators in steerable CNNs (JENNER and
WEILER, 2021), drawing a strong analogy between deep learning
and physics.

A useful aspect of the connection between neural networks and
differential equations is the observation that the stability of the
differential equation can give insight into the stability and general-
ization ability of the neural network (HABER and RuTHOTTO, 2017).
Moreover, there are intriguing analogies with numerical PDE ap-
proximations and specific network architectures (e.g. ResNets), as
can be seen in the comprehensive overview article by ALT, PETER,
WEICKERT, and SCHRADER (2021).

6.3 THE PDE IN QUESTION

OUR APPROACH. Given the similarities noted in §6.1 we propose
to make the link between CNNs and PDEs more explicit by choos-
ing a PDE as a starting point for building a neural network ar-
chitecture. The PDE we propose to use for this purpose comes
from the geometric image analysis world (BURGER, SAwATZKY, and
STEIDL, 2016; DUBROVINA-KARNI, RosMAN, and KiIMMEL, 2014; Duirs
and BURGETH, 2007; DURAN, MOELLER, SBERT, and CREMERS, 2016;
MOoReL and SoLIMINI, 2012; PEYRE, PECHAUD, KERIVEN, COHEN, et al.,
2010; SAPIRO, 2006; SETHIAN et al., 1999; WEICKERT, 1996; WEICK-
ERT, GREWENIG, SCHROERS, and BRUHN, 2016; WELK and WEICKERT,
2019). It was chosen based on the following criteria:
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1. it exhibits similar behaviour to a CNN’s existing convolution,
pooling and activation operations,

2. it can be formulated on general homogeneous spaces and
not just R",

3. a numerical solver for it can be efficiently implemented on
modern parallel hardware and integrated in existing deep
learning frameworks.

Let M be a homogeneous space of some Lie group G, then we
propose the following evolution equation:

du
E(p' t) = —cpu(-,t) (convection)
= (=Ag,), u(-,t) (diffusion)
+a (VSQU( " t)) (dilation)
Plls; (6.2)
=2 (VSQU( " f)) (erosion)
p S,
forallpe M, t >0,
u(p,0) = uo(p) for all p € M.

where ¢ € X(M) is a smooth vector field, 1,97, 5, € (T2 M)
are metric tensor fields, 0 < v <1, @ > 1 are smoothness parame-
ters' and u is the viscosity solution (EVANS, 2022, §10.1; STROMBERG,
2002). The smoothness parameters we choose as some constants,
we will come back to them later. That leaves {c, G, 9; /95 } as the
actual trainable parts of this PDE, each of which controls one of
the four terms of the generator. To “train’ these tensor fields we
will need to parametrize them in some fashion so that we can
train the actual scalar parameters. Demanding equivariance will
severely restrict the degrees of freedom available to us and and

In SMETS, PORTEGIES, BEKKERS, and Duits (2022) we adopted a different convention
for the smoothness parameters. Here we separate the smoothness parameters
for diffusion and dilation/erosion and use the 1/a factor and a exponent from
BELLAARD, BoON, PA1, SMETs, and Duirts (2023, §3) instead of the less convenient
2a exponent.
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yield natural parametrizations with a limited number of param-
eters, we will detail this later in the chapter. As labeled in (6.2)
these four terms are called the convection, diffusion, dilation and
erosion terms. Convection can be understood as transporting data,
diffusion as regularization and dilation and erosion as a ‘soft” form
of max respectively min pooling.

EQUIVARIANT GENERATOR. Naturally we would like the evo-
lution caused by (6.2) to be equivariant in the sense that if we
have two solutions to the PDE u1, u, € M X R with initial condi-
tions that are related as per us(-,0) = ¢ - u1(+,0) for some g € G
then we would like up(-,t) = g - u1(-,t) for all > 0. Or in words:
applying a group transform on the initial conditions and then
evolving yields the same result as first evolving and then applying
the group transform.
For the convection generator we want that

—cy(g- f)=—(g-(cf))(p),

or stated equivalently by labeling the action of G on M by p g(p) =
& Pp:

cp(f o pg‘l) = Cg‘1~pf
for all f € C}(M) and g € G. This only holds if

(Pg)*c =c

for all g € G, i.e. c needs to be a G-invariant vector field. In the
principal case M = G these are the left-invariant vector fields
which form a vector space with the same number of dimensions
as M, in the more general case the space of G-invariant vector
fields will have fewer or equal number of dimensions than M.

The equivariance of the three remaining terms depends on their
associated metrics G1, S ; and 95, which will need to be G-invariant
as well for the generator to be equivariant. This again restricts
the degrees of freedom of the metrics to a finite number. In the
principal case M = G where M is n-dimensional we have $n(n+1)
free parameters. In the more general case of lower dimensional
homogeneous spaces we have less than that. In fact, recalling §2.4,
such a Riemannian metric need not always exists.
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OPERATOR SPLITTING. Our PDE solver takes an operator splitting
approach. We split numeric timesteps into substeps, each of which
only evolves the data according to a single term at a time. Let
up : R? — R be the initial condition (of appropriate regularity)
and say we want to compute u( -, At), i.e. the solution to (6.2) at
time At. Then we would first solve

8u1 _
W(Prt)— cpu(-,t)

with initial condition u(-,0) = 1o with a timestep of At, i.e. we
compute ug (-, At). We take this solution as the initial condition
for a PDE with the next term:
8u2
ot

with uz(-,0) = (-, At) and then compute uy( -, At). Moving on
we apply dilation per

(p,t) == (=Ag,) ulp,t)

8u3

1
Z2p,t) = +— |Vssustp,

a
93
with initial condition u3(-,0) = ua(-, At) and compute uz( -, At).
Finally we apply erosion per

% p,t) = —i [Vs;ua(p, t)”ng
with initial condition u4(-,0) = u3( -, At) and compute ug( -, At).
We then take u4( -, At) as an approximation to the true solution
u(-,At).
The order of of the substeps used is not essential, the order
presented above matches the order we will cover each term in this
chapter.

6.4 INTERPRETATION

Before going into the technical details of solving (6.2) in general,
we first want to get a feeling for what it does in a familiar setting
so that we can better interpret it in a more general setting later.
In this section we will therefor have a look at the effects of the
four terms of the PDE in the familiar R? setting and how they are
solved there, see Figure 6.1 for an illustration.
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Initial Transport Regularization Max pooling
a

u(-,0:R? >R —cu —(=Vs,)'u +1 Vgru

9

FIGURE 6.1: Geometric interpretation of the terms of (6.2) illus-
trated for the translation equivariant case on R?. The
effect of each of the four terms of (6.2) separately on
the initial value on the left is demonstrated.

TRANSPORT. Consider the translation equivariant setting G =
M = RZ. The left-invariant (i.e. translation invariant) vector fields
on R? are of the form

c=c! 8x1 +c? axz

for any c!, c? € R where x!, x2 are the usual R? coordinates. In
this case the solution to (6.2) with just the first term dyu = —cu is
accomplished by

u(p,t) = ug (p —t (cl,cz)T) ,

which has the effect of transporting the input along the vector field
¢, this is illustrated in the second image of Figure 6.1.

As this transport along c just amounts to a time-dependent
translation of the initial value it can be readily implemented for
discrete feature maps by resampling the grid with appropriate
interpolation.

INVARIANT METRICS. For the other three terms we require a
translation invariant metric. On R? these are of the form

w11dx1®dx1+w12dx1®dx2+wz1dx2®dxl+w22dx2®dx2

so that the Gram matrix

w w
[ 11 12 ERZXZ

w1 W22

is symmetric positive definite.
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REGULARIZATION. Given a translation-invariant metric §; the
(fractional) diffusion PDE d;u = — (=Vg,)" u is solved (PODLUBNY,
1998) by convolution with a kernel K} € C*((0, c0) x R?) as per

u(p,t) = (K} *uo) (p),

forany p € M, t > 0. When v = 1, we revert to the normal diffu-
sion equation in which case the kernel is simply an appropriately
shaped Gaussian. The effect produced is one of reqularization of the
initial feature map as can be seen in the third image of Figure 6.1.

Regardless of the choice of v in this setting, the kernel K} will
be a function of just t and the Riemannian distance dg, induced
by the metric Gy, i.e. just the skewed Euclidean norm. Specifically,
there exists a IZ}’ (0, 00) X [0, 0) — R so that

K{(p) = K (ds, (p, 0)) = K} (I ApI)),

for some invertible A € R? where || - || is the Euclidean norm. We
will get back to fractional diffusion on homogeneous spaces in

§6.7.

POOLING. The remaining two morphological terms are solved in
a manner similar to the diffusion term but using morphological
convolution instead of linear convolution. Let the metrics G5 and
95 be translation invariant. Then the PDE

1
Btu = E HVQZM

a
g5
with initial condition u( -, 0) = 1 can be solved by the Hopf-Lax
formula (EvANS, 2022, §10.3) as

u(p,t) = sup {uo(q) — kf(p — 9)},

geR?

where the kernel k% : R59 X R? — R U {co} depends on the choice
of a. We will detail the kernel used later in §6.8. The point we
would like to make now is that the way the solution is obtained
is very similar to our previous formulation of continuous max
pooling in (5.16). The effect obtained is indeed very reminiscent
to max pooling as can be seen in the 4" panel of Figure 6.1. Addi-
tionally, for a given a and time ¢ the kernel only depends on the



6.5 CONVECTION

distance between p and g, just like in the case of diffusion on R?
above, and so is essentially a scalar function of the distance.
The erosion PDE

1 a
o =2 v
with initial condition u( -, 0) = ug is solved similarly by
u(p,t) = inf {uo(q) + ki'(p - 9},
geR?

with the same kernel k¢ as before. The effect produced is similar
to that of min pooling as can be seen in the last panel of Figure 6.1.

GENERALIZATION POTENTIAL. The advantage of generating these
effects through (6.2) is that we can now generalize them to other ho-
mogeneous spaces of our choice. Indeed, we can take as Lie group
G = SE(2) and homogeneous space M = M, and walk through
this section again and get roto-translation equivariant transport,
regularization and pooling from the same PDE. The result is il-
lustrated in Figure 6.2, where we now obtain SE(2)-equivariant
processing of feature maps that live on M.

Compare and contrast Figure 6.2 with the previous Figure 6.1;
the effects obtained are similar but distinct. In Figure 6.1 one can
imagine that the effects applied to the ‘A’ would indeed commute
with translations but not with rotations. In Figure 6.2 one can
imagine that the effects on the ‘A’ commute with both translations
and rotations.

Now that we have a high-level understanding of what the PDE
(6.2) does we can start looking at the technical details.

6.5 CONVECTION

As we will be calculating approximate solutions to (6.2) using
operator splitting we tackle each term separately, starting with
the convection term in the general case of the homogeneous space
M = G/H. With only the convection term we are left with the
following PDE:

%(p,t) =—cpui(-,t) forallpe M,t >0, 63)

u1(p, 0) = up(p) forallp e M,
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Transport Regularization

—cu —(=Vg,)'u

Initial /

u(-,0):M; » R

—

Max pooling Min pooling
a

oL v, L Vsl
2

o

FIGURE 6.2: Geometric interpretation of the terms of (6.2) illus-
trated for the SE(2)-equivariant case on M. We made
an idealized lift of the letter ‘A’ to M (shown in blue),
each of the three strokes of the letter is placed at its
corresponding orientation. For clarity we also added
a maximum projection to the base plane (shown in
black and white). The effect of each of the four terms
of (6.2) separately on the initial value on the left is
demonstrated.

where ¢ € T(TM) is G-invariant.
This PDE can be solved using the method of characteristics as per
the following result.
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THEOREM 6.1 Let ug € C*(G/H), then the convection PDE
(6.3) is solved by

ur(p, t) = uo(gpye(=t)po)

where g, € p (i.e. gypo = gyH = p)and y. : R — Gisan
exponential curve that satisfies

1.7¢(0) = ¢py,

where 71 : G — G/H is the quotient map (2.7). The solution is
again smooth for all t > 0.

Proof. Since 7t is a smooth submersion it follows that there always
exists a y¢(0) € TG so that .7.(0) = ¢, € T,,(G/H). Let y(t) =
exp(t 7.(0)) be the corresponding exponential curve.

Denote the action of ¢ € G on G/H by p¢ and left multiplication
in the group as L. Since c is assumed to be G-invariant we have

cp = (pgp)*cllJO
for all p € G/H and any g, € p. This implies
¢y = (ng)*cpo = (ng)*n*)'/c(o) = n*(Lgp)*f/C(O)

since pg, o T = m o L, and consequently t — g,).(t)po are the

integral curves of c centered at the point p for any choice of g, € p.

Finally, let p € G/H and t > 0 then

ui (p, t) — u1 (gpye(=H)po, t)

~epnl-,f) =~ lim 7
g (8pye(=h)ye(=t)po) — 1o (8pye(=t)po)
= lim
h—0 h
g (8pYe(=(t + 1))po) — uo (8pye(~t)po)
= lim
h—0 h
~ lim ui(p, t + h) —ui(p,t)
h—0 h
_ 8u1
= 0
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TEMPORAL RESCALING. Note that uo(gp7e(~t)po) = uo(gpyie(=1)po).
This means that there is a redundancy between scaling the con-
vection vector-field and how long we let time run. In the context

of training a neural network there is therefore no need to consider
the end-time of the convection as trainable. In other words we can
take p — uo(gpyc(=1)po) as our output and only train c as this
will cover the full range of possible outputs.

CONVECTION ON M. In the case of M, = SE(2), the G-invariant
vector fields are exactly the left-invariant vector fields that are of
the form

c= C1A1 + C2.A2 + CS.A3

per (4.3) with ¢!, ¢2, ¢ € R being the free parameters. The expo-
nential curve associated to this vector field is given in (xl, x2, 0)
coordinates by (4.8) as:

3

3 . 3 .
I (tc1 cos & — tc?sin %) sinc &~
x(tct, te?, tcd)
. 3 3 . 3
Ve(t) = |x2(tct, tc?, tc3)| = (tc1 sin & + tc? cos %) sinc &~ | -

O(tct,tc?, tc?)
tc® mod 27

As we discussed in the previous paragraph, it is sufficient to
consider y.(-1). Additionally, since we are in the principal ho-
mogeneous space and the exponential map on SE(2) is surjec-
tive it follows that we are training no more than a group ele-
ment i = expSE(z)(— Z?:l c'A;) € SE(2) to right multiply with, i.e.
u1(g,1) = up(gh), since po = e.

This covers the first term of the PDE (6.2). To solve the remaining
three we first need to cover a way of efficiently estimating distances
in homogeneous spaces.

6.6 LOGARITHMIC METRIC ESTIMATE

Previously we saw that in the R2 setting diffusion, dilation and
erosion are solvable with the help of a kernel. We referenced that
these kernels were actually scalar functions of the distance map
from the origin, i.e. dg(-,0) if § is a translation invariant metric
on R2. This holds more generally for the morphological kernels
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on homogeneous spaces: they are scalar functions of the distance
map to the reference element pg € M given by dg( -, po), where
the Riemannian metric § is invariant under action of the group.
For the diffusion equation the kernel need not be a scalar function
of the distance map, though estimates and bounds can still be
constructed from the distance map and we will be making use of
those.

While calculating these distances on R" is straightforward, this
is not the case for distances on general homogeneous spaces. In-
deed, in our main case of interest M = M, there is no closed
formula that we can conveniently plug in. To obtain a numeric dis-
tance map we would normally apply some iterative solver to the
eikonal equation, but this presents an unacceptable computational
overhead for our purposes. We intend to train the parameters of
our Riemannian metrics, meaning the Riemannian metrics will
not only vary across the neural network but also change constantly.
This would force us to endlessly recompute the solution to the
eikonal equation which would slow the training process down by
orders of magnitude.

What we need to make our approach viable is an approximation
that is easy to compute while still being accurate enough. Since
the most important part of both the diffusion and morphological
kernels are localized around the point of reference, our approx-
imation only needs be locally accurate. The approximation that
will use is the logarithmic metric estimate that we cover next.

DEFINITION 6.1 (Logarithmic metric estimate) Let G be a G-
invariant metric tensor field on the homogeneous space G/H,
let 7 : G — G/H be the quotient map (2.7). Then we define
the logarithmic metric estimate pg : G/H — Ryq as

ps(p) := inf[[log(9)]|.

(6.4)

=1 f >(-1 7 *1 .
gelp\/g (1. 1og(g), . logc (g))

We can interpret this metric estimate as finding all exponential
curves in G whose actions on the homogeneous space connect py
(att = 0) to p (att = 1), and then, from that set we choose the
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exponential curve that has the lowest constant velocity according
to the seminorm given by "G and use that velocity as the distance
estimate.

Note that scaling the metric, scales the metric estimate just like
it would scale the actual metric.

COROLLARY 6.2 (Logarithmic metric estimate scaling) In the
setting of Definition 6.1 we have that pyg = Apg for all A > 0.

Intuitively, Definition 6.1 can be reformulated as ‘instead of the
length of the geodesic connecting two points of the homogeneous space,
we take the length of the shortest exponential curve connecting those two
points’.

The following lemma quantifies how well our estimate pg ap-
proximates the true distance map dg(po, -).

LEMMA 6.3 (Bounds on the logarithmic metric estimate) For
all p € G/H sufficiently close to pg = H, we have

ds(po, p)? < ps(p)* < dg(po,p)* + O (ds(po, p)*)

which has as a weaker corollary that for all compact neighbor-
hoods of pg there exists a Cpetr > 1 so that

ds(po, p) < ps(p) < Cmetr d5(po, p)

for all p in that neighborhood. Note that the constant Cper
depends on both the choice of compact neighborhood and the
metric tensor field.

Proof. Let G := 7*G. The left inequality follows directly from the
observation that pg(p) is exactly the Riemannian length of the
curve

t = expG(t logG(gp)) pPo

for t € [0,1] and g, = argmin,, ||logGg||9. This continuous
curve connects pg with p and as such has a greater length than
the minimal-length curve between those two points.
For the right inequality, consider the function F : .G — R
given by
F(v) :==dg(po, o expG(v))z,
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where we recall that 7 : G — G/H was given by (2.7). With the

goal of making a Taylor expansion for this function we note that:

* at the origin we have F(0) = 0,
e due to the chain rule applied to the squaring we have (F).|p =
0.

Moreover, due to the G-invariance of dg, the function F is even
since

F(v) = dg(po, 1 0 expg(v))?
= dg(po, expg(v) - po)®
= dg(expg(0)™" - po, po)®
= dg(1t 0 exp(~v), po)?
= F(-0)

and consequently the 3rd order term of the Taylor expansion of F
is zero.

For the second order term, we are looking for the Hessian JH of
F atv = 0. We split F into F := 1t 0 exp; and F> := dg(po, -)? and
find the Hessian of the composed function is

H(Fz o F1)lo(v, w)

= HF2|p, (F1)<lo(v), (F1)slo(w))

=2 glpo (7'(*|e ° (eXPGMo(U)z e © (eXPG)*|0(w))
=251, ((expe)-lo(0), (expe)-lo(w))

=28, (v, w).

Putting these facts together we find:

F(©) = §le(v,0) + O(l[v]|), (6.5)

where || - || denotes some arbitrary norm on T, G.

Now we take a linear subspace V of T, G that is independent
from T,H but so that the span of T,H and V equals the entire
T.G,ie. T,H @&V = T,G. Note that 9|e is only degenerated along
T,H, and so is a full norm when restricted to V, i.e. forallv € V,
Glo(v,v) =0 only if v = 0. Therefore, there exists a ¢ > 0 such that
forallv eV,

§le(v,0) > cllo|l?,
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and so by (6.5) we have:
F(v) = dg(po, 7 0 expg (@) > cllol? + O (lell*) . (6.6)
Hence, for all v € V close enough to 0 we have:

C
dg(po, 7 0 exps(v))* > Ellvllz- (6.7)

In a neighborhood of the origin the Lie group exponential map
exp; : I.G — G is a diffeomorphism to a neighborhood of e,
at the same time 7 : G — G/H is a smooth submersion by the
homogeneous space construction theorem (LEE, 2012, Thm. 21.17). Con-
sequently (toexp)«lo : V' — T,,(G/H) has full rank since moexp
is a local diffeomorphism between two spaces (V and G/H) with
the same dimension, it follows by the inverse function theorem
that there exists a neighborhood Vj of 0 in V and a neighborhood
Py of pg in G/H such that 7t o exp,; is a diffeomorphism from Vj
to Py. By possibly choosing V|, smaller, we may assume by (6.6)
that there exists a C’ > 0 such that for all v € Vj:

§le(v,0) < F(v) + C’|lo|%,
which, by using (6.7) yields
§le(v,v) < dg(po, 0 0 expg(v))* + Cdg(po, 7 0 expg(v))*,

forallv € Vopand C = C'5 > 0.
Now take a p € Py, then there exists a w € Vj so that

TLoexp,w = p.
Call g, = exp; w, then the previous inequality gives

loge 8y l5 < ds(p, po)? + Cds(p, po)*

Clearly g, € p. Since pg(p) is the infinum of || log g|| forall g € p
it follows that pg(p) must also satisfy:

ps(p)? < ||loge 8yl < ds(p, po)® + Cds(p, po)*,

for all p € Py, i.e. all p sufficiently close to po.
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As a corollary we get that for any compact neighborhood K C
G/H of po
PS(P) < Cetr d9(P0, P)

forallp € K. We can see this by choosing C] = 1+C SUP,,cp, dg(po, p)?,
then for all by choosing p € Py we have

ps(p) < Cidg(po, p)-

Let K ¢ G/H be compact so that it contains Py. Then on K \ Py we
have that both pg and dg(po, -) are strictly positive, continuous
and so bounded functions. Consequently

ps(p) < sup pg(p) =: M < oo,
pEK\PO

and

ds(po, p) = sup dg(po, p) =:m >0,
pEPO

for all p € K'\ Py, which leads to

M M
()SMS—d(O,)S_d(O, )
ps\p d5(po, p) glpo,p p glpo, P
forall p € K\ Py. Now choose Cpetr = max{Cy, C2} then we obtain
the corollary. Remark that Cerr depends on both the parameters
of the metric tensor field and the choice of K, and so may become
very large indeed. O

When we take the principal homogeneous space, such as in the
case of M, = SE(2), with a left-invariant Riemannian metric G then
the metric estimate simplifies to

ps(g) = Il1ogs(9)lls,

hence we see that this construction generalizes the logarithmic
metric estimate, as used in PORTEGIES, SANGUINETTI, MEESTERS, and
Duirs (2015) and TER ELsT and RoBINSON (1998), to homogeneous
spaces other than the principal.
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ON M. Consider those Riemannian metrics on M that are diag-
onal with respect to the basis of G-invariant vector fields as per
(4.7). Using the usual (x', x2, 0) coordinates, these metrics are of
the form

3
g = Z wl2 0 ® W', (6.8)
i=1

where we refer to wq > 0 as the cost in the main direction, w, > 0
as the cost in the lateral direction and w3 > 0 as the angular cost.
Then we can formulate the logarithmic metric estimate in terms
of the exponential coordinates of the first kind (4.10) as

3
; 2
pg(xt, x2,0) = Z (wi ci(x1,x2,0))".
i=1
This estimate is illustrated in Figure 6.3 where it is contrasted
against the ‘exact’ distance map obtained by solving the eikonal
equation.

® 02 @ 04 ® 06 08 @ 10

FIGURE 6.3: Comparing the ‘exact’ Riemannian distance (left) obtained
through numerically solving the Eikonal equation (BEKKERs,
Durts, MAsSHTAKOV, and SANGUINETTI, 2015) versus the loga-
rithmic metric estimate (right) on M, endowed with a left-
invariant Riemannian metric tensor field (6.8) with w% =1,
w? =2, w? = 1/n. The relative L! error in the plotted volume
is 0.20.

We can see that the metric estimate pg (and consequently any
function of pg) has the necessary symmetry to be a kernel used in
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the operators of Theorem 3.3. The proof of this statement relies
on the following lemma.

LEMMA 6.4 Let G be a Lie group, forallg € GletL, : G — G,
Rg : G — G be the left respectively right group multiplication.
Let H be a closed subgroup of G with the quotient map 7 :
G — G/H given by n(g) = gH. Then for all 1 € H we have
the following relations for the push forwards:

1. . o (Rp), = s,
2. (Lp), o 1. = ma 0 (Lp),.
Which implies in particular that
10.(Lp)« = (Lp)<Tt. and T.(Rp)« = T
forall h € H.

Proof.
1. mo Ry = msince ghH = gH,
2. Lyom=moLysince h(gH) = (hg)H.
m|

We can now show that the metric estimate is indeed compatible
in the sense of (3.12).

THEOREM 6.5 (Kernel compatibility of pg) Let § be a G-
invariant metric tensor field on G/H, then we have

Vp € G/H, Vh € H : pg(hp) = pg(p). (6.9)

Note that, since we use left cosets, ph = p but hp # p in general.

Proof. Consider the set of all exponential curves in the group
whose action connects pg € G/H top € G/H:
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Ty = {7 €Lip(10,11,G) [ YO = ¢, y(W)po = p, ¥t +5) = y(t)y(s)}.

We can then restate pg equivalently in terms of these curves as

= inf || lo s = inf 7(0)||&
ps(p) gePII gc 8lls yerwlly( N
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since for each ¢ € p we have an exponential curvet — exp(t log g)
in 'y, , and for each exponential curve y in ', , we have y(1) € p.
Lety € I'pp and let h € H then

1. hy(0)h~t = heh™' =,
2. hy(1)h='pg = hy(1)po = hp,
3. hy(a+b)h™ = hy(@)y@)h™" = (hy(a)h=)(hy (b)),

from which we conclude that hy(-)h~! € Ty 5y and so there is a
bijection between Iy, , and 'y, 1, given by

— -1
FPO/hP - hrPO/ph :

Moreover, the bijection preserves the seminorm due to the G-
invariance of G:

(o) ), = . Ry, y0)
= 7. (L), (Ry1). 7O)]lg

(using the previouslemma) = [|(Lp), 7. (Rp-1), 7(0)l[g
= I(Ln). 7 ()]
(using the G-invariance of ) = |Im.y(0)l
=7l -
It follows that

ps(p) = inf [[y(0)ll

V€L
_ . . -1 ~
_yé?f 1Ay (0)h |5

po-P

= inf [yl

po./tp

= pg(hp).

O

BETTER ESTIMATES FOR M. The distance estimate from Defini-
tion 6.1 and its associated bounds from Lemma 6.7 from SMETS,
PORTEGIES, BEKKERS, and Duits (2022) are very general since they
apply to all homogeneous spaces. When we restrict ourselves to
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M, improved distance estimates and bounds can be made as has
been done by BELLAARD, BON, PA1, SMETS, and Duirs (2023). It turns
out that on M, with a diagonal Riemannian metric (6.8), that the
quality of the approximation (6.4) depends entirely on the spatial
anisotropy
C :max{@,@}, (6.10)
Wy W1

see BELLAARD, BoN, Pa1, SMETS, and Duits (2023, Thm. 1). As our
original work (SMETs, PORTEGIES, BEKKERS, and Duits, 2022) uses
the distance estimate from Definition 6.1 we will continue with
using it here.

Now that we have developed and analyzed the logarithmic
metric estimate we can use it to construct an approximation of the
diffusion kernel.

67 FRACTIONAL DIFFUSION

Diffusion — whether fractional or not —is a linear process that can
be solved with the help of its Green’s function, i.e. the heat kernel,
even in the more general setting of a metric space (GRIGOR'YAN,
2009; GRIGOR'YAN, Hu, and LAu, 2014). Taken separately (frac-
tional) diffusion on some homogeneous space M solves the equa-
tion 5

S2(p, ) =~ (~Ag) (-, ) (6.11)
with some initial condition uy(-,0) = ug, which could be the
output u;( -, 1) of the previous convection substep. The solution
to (6.11) is obtained by

m%ﬂ=4m%@w@@ (6.12)

where k¥ € C*(R>0 X M X M) is called the heat kernel for a given
choice of v > 0. The parameter v can in principle be any positive
value, though if v < 1 then the heat kernel is guaranteed to be
positive which is not the case if v > 1. For image processing
application v is usually chosen in the range [1/2,1].

In our by now familiar setting we assume that M is a homoge-
neous space with respect to some Lie group G, that the integral
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For an overview of
nonlinear and
fractional diffusion in
the Euclidean setting
see VAZQUEZ (2017).
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/M dg is at least covariant with a character xyp : G — Rspasin§3.2
and that the Riemannian metric § € T(T®? M) is G-invariant as in
§2.4. Hence, the evolution brought about by (6.11) is equivariant
with respect to G. This brings us in the setting of the equivariant
linear operators of Theorem 3.3, implying we can formulate a
one-argument heat kernel KV : R.o x M — R as

K{(p) := x{(p, po)-

for a choice of reference element py € M. The reduced kernel
necessarily has the symmetry

heK = o) K

for all h € G, and t > 0 as per (3.12). This gives the solution to
the diffusion equation as

nlp, ) = —— (p) / (& K)@ F@ds  (6.13)

where a g, € Gy, is freely chosen for all p € M, recall (2.6).

GAUSSIAN & POISSON KERNEL. The heat kernel in the R” case for
regular diffusion, i.e. v = 1, is given by the well known Gaussian
function:

Kl () = — _BE), (6.14)
(4mt)' P\ 4

which is also known simply as the Gaussian. For the fractional
case v = 1/2 the heat kernel on R" is called the Poisson kernel and
is given by

(L 2\~
Ki/z(x) = (niz ) (1 + |3tC_2|) . (6.15)
T 2

Outside of R" or for other values of v the situation is less
straightforward, while for some cases such as the Heisenberg group
(Gaveau, 1977) and M, (Duits and VAN ALMSICK, 2008) explicit
formulas for their respective heat kernels exist, these are seldom
convenient for numerical computation and so not suitable for re-
peated recomputation as is required for our application that uses
spatial convolutions. In the more general setting of Riemannian
manifolds, no closed formula exists and the kernel need not be a
scalar function of the Riemannian distance in the same way as it

is on R".
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TWO-SIDED BOUNDS. The best we can do in general is bound the
heat kernel from above and below with Gaussian-like functions.
There is much work available in this domain (GRIGOR'YAN, 2009;
GRIGOR'YAN, 2006; GRIGOR YAN, Hu, and LAu, 2009; MAHEUX, 1998;
MusTAPHA, 2000; VARADHAN, 1967). Our work is based on the
bounds from MaHEUX (1998) for homogeneous spaces whose Lie
group is of polynomial growth.

DEFINITION 6.2 (Polynomial growth) A Lie group G with left-
invariant Haar measure ¢ is of polynomial growth when the
volume of a sphere of radius r around any g € G:

B(g,7):={g € G| ds(g, &) <r},

can be polynomialy bounded as follows: there exists constant
6 > 0 and Cgrow > 0 so that

r? < HG(B(g/ 1’)) < Cgrowr(S

Cgrow

for all » > 1. Take note that the exponent 6 is the same on both
the lower and upper bound. Since i is always left-invariant
in our applications the choice of g is perfunctory.

On homogeneous spaces of Lie groups of polynomial growth,
the following two-sided bound can be made on the two-argument
heat kernel k! (6.12) as per MaHEUX (1998, Thm. 2.12) for non-
fractional diffusion.
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LemMMA 6.6 (Maheux heat kernel bounds) Let M = G/H be a
homogeneous space with G being of polynomial growth as per
Def. 6.2 then there exists constants C1, Co > 0 and for every
& > 0 there exists a C. > 0 so that

ds(p, 9)° ds(p, )
Cilg,t exp (—th < xi(p, q) < Cerlge exp “I0+ e
(6.16)

forall p,q € M and all t > 0 where G is the Riemannian metric
with its associated distance dg and the normalization constant
14,+ is given by

1

" s (B0, VD)

where pg is the volume measure induced by §.

Mgt

DIFFERENCES WITH OUR SETTING. We adapted the formulation of
Lemma 6.6 to our setting, which is distinct (but equivalent) to that
of MAHEUX (1998) in two ways. Firstly, MAHEUX (1998, Thm. 2.12)
proves this result for right cosets, while we use left cosets. We can
translate the results by inversion in view of (¢H)™! = H g™ =
Hg™!. We then apply the result of Maheux to the correct G-invariant
metric tensor field on G/H.

Secondly, Maheux relates distances on the group with distances
on the homogeneous space in a distinct (but equivalent) way.
While we use a pseudometric on G induced by a metric on G/H
using the pullback of the quotient map (2.8), Maheux does it the
other way around and uses a metric on G/H induced by a metric
on G by:

dg/a?{eux(f’lz PZ) — gif;lfl 8122;1;2 drcl;aheuX(gl, gZ)

— inf dmaheux 1, 9),
Jnf dg (71, 82)

(6.17)

for any choice of 1 € p; and where dg is the initial metric on G.
We avoid having to minimize inside the cosets as in (6.17) thanks
to the inherent symmetries in our pseudometric.

AN APPROXIMATE KERNEL. That brings us to our proposed ap-
proximation of the K! heat kernel. This approximation for v =1
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will also serve as the basis for our approximation of K" for other
values of v.

DEFINITION 6.3 (Approximate v = 1 kernel) On a homoge-
neous space G/H with G-invariant Riemannian metric § we
define

2
K, """ (p) = 1 exp (—pgif ) ) (6.18)

where 7; is a normalization constant for a given t > 0, this
can either be the L! normalization constant or in the case of
groups of polynomial growth we set

N S
" Hg (B(Pof ‘/?))

We can squeeze our approximate kernel KPPT on both sides
by scaled real kernels K as follows.

LEmMMA 6.7 Let G be of polynomial growth and let K! be the
heat kernel for the v = 1 diffusion equation (6.11) on the ho-
mogeneous space G/H. Then there exists constants C > 1,
D1 € (0,1) and D; > D so that the following holds:

1 a T
=Kb,(p) < K7 (p) < CK},,,(p). (6.19)

forallp e G/Hand t > 0.
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-1
Proof. Ona group of polynomial growth we have 17; = g (B(po, \/E)) :

If G is of polynomial growth we can apply Lemma 6.6 to find that
there exists constants C1,C> > 0 and for all ¢ > 0 there exists a
constant C, > 0 so that:

dS( 0/, )2 dS( 0rs )2
Cine exp (_ALPC—zf < K}(p) < Cenrexp —ﬁ

forallp e G/Hand t > 0.
Now using the inequalities from Lemma 6.3 we obtain:

ps(p)*
4C2 1+ et

metr

2
Cint exp (—pfgg ) < K}(p) < Cenr exp (—
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which leads to:

m 1 appr 1 Mt 1,appr
C1— ()<K()<C—K (p).
Mes § § Ne2 (v Cmer1+O) y

metr

The group G being of polynomial growth also implies G/H is a
doubling space (MAHEUX, 1998, Thm. 2.17). Using the volume dou-
bling and reverse volume doubling property of doubling spaces
(GriGoR'YAN, Hu, and LAu, 2009, Prop. 3.2 and 3.3) we find that
there exist constants C3, Cy, §, f” > 0 so that:

p
s ( Vi ) = 6,7,
77(321‘ VCQt

‘BI
vV -p'/2
. zm < Cy| —— =C4( metr(1+&)) .
C

metr(1+€)t " metr(l + é)t

Applying these inequalities we get:

C! = C1C5C,P°

and 2
Cli= CCy (Chy(1+ )

From which we obtain:

/ 1 / 1
CIKE ™ (p) < Kilp) < CLK G (p).

Reparametrizing ¢ in both inequalities gives:

1

1 1,appr 1 1
C’ K, rey®) S KTTP) < C’K 4,(p)

metr

Finally we fix ¢ > 0 and relabel constants:

C:=max{C;", C,, 1},
;
(1+¢)

metr

Dli

observe that since ¢ > 0 and Cpetr = 1 we have 0 < Dy < 1. O



67 FRACTIONAL DIFFUSION

Depending on the actually achievable constants, Lemma 6.7
provides a very strong or very weak bound on how much our
approximation deviates from the actual solution. Fortunately in
the M case our approximation is very close to the exact kernel
in the vicinity of the origin, as can be seen in Figure 6.4. In our
experiments we sample the kernel on a grid around the origin,
hence this approximation is good for reasonable values of the
metric parameters (i.e. low spatial anisotropy, C < 4 ideally, recall
(6.10)), which we may expect from Lemma 6.3 providing a second
order relative error.

I/

05 T
X gl
1070

FIGURE 6.4: Comparing the numerically computed heat kernel K} (left)

with our approximation K:’appr based on the logarithmic
norm estimate (right) for G/H = M,. Shown here at t =
1 with the same metric as in Fig. 6.3. Especially in deep
learning applications where discretization is very coarse our
approximation is sufficiently accurate as long as the spatial
anisotropy (6.10) does not become too high. In this case with
C = wy/wy = 2 we have a relative L? error of 0.23 in the
plotted volume.

FRACTIONAL KERNEL APPROXIMATION. Now let us develop an
approximation for values of v other than 1. From semigroup the-
ory (Yosipa, 1968) it follows that semigroups generated by taking
fractional powers of the generator (in our case Ag — —(—Ag)")
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amounts to the following key relation between the v-kernel and
the diffusion kernel:

k)= [ gk (6:20)
0
for v € (0,1) and t > 0 where g; ,, is defined as follows.

DEFINITION 6.4 Let £~ be the inverse Laplace transform then

Gev(T) = (1’0—>e tr )(T) fort > 0.

For explicit formulas of this kernel see Yosipa (1968, Ch. IX:11
eq. 17). Since AT positive for all r it follows that g;, is also
positive everywhere.

Now instead of integrating K} to obtain the exact fundamen-
tal solution, we can replace it with our approximation K:’appr to
obtain an approximate v-kernel.

DEFINITION 6.5 (Approximate v € (0,1) kernel) Akin to (6.20)
wesetv € (0,1),t > 0 and define:

KPP (p) = / i.(1) K}"‘Ppr(p) dr >0, (6.21)
0

for p € G/H.

The bound on K} we obtained in Lemma 6.7 transfers directly
to our approximation for other v.

THEOREM 6.8 Let G be of polynomial growth and let K be
the heat kernel of the v € (0, 1] diffusion equation (6.11) on the
homogeneous space G/H, then there exists constants C > 1,
D1 € (0,1) and D; > Dj so that the following holds:

1
CDV

forallt >0and p € G/H.

((p) < K (p) < CK,y,(p) (6.22)
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Proof. The statement is an consequence of Lemma 6.7 and the fact

that g; , is positive, applying the integral from (6.21) yields:

/ 41, (DK (p) de
0

(Lem. 6.7) SC/ qt,v(DKp, . (p) dt
0

K ()

('=Dy1) = C/O Dizqt,v (5—’2) K (p)dr’
PR =C [ anpa ()KL
= CKE; (p)-
The other inequality follows the same way. |

Although the approximation (6.21) is helpful in the proof above
it contains some integration and is not an explicit expression. Our
initial experiments with diffusion for v = 1 showed that (for the
applications under consideration at least) adding diffusion did
not improve performance. For that reason we chose not to focus
further on diffusion in this work. We leave developing a more
explicit and computable approximation for diffusion kernels for
0 < v <1 for future work.

6.8 DILATION & EROSION

The last part of (6.2) to discuss are the morphological terms that
control dilation and erosion. In isolation the dilation or erosion
processes solve the PDE

duz

(P )= x5

o4
Vous(-, b) H VpeM,t>0,
Vaus(, 00, v o)
u3(+,0) = ug

where o > 1 and with ‘+" indicating dilation and *-” erosion from
an initial condition 1y which could be the output us( -, 1) of the
previous substep. When the smoothness parameter « is greater
than 1 then we are looking at the viscosity solution of (6.23), we
can also take the limit of those viscosity solutions as @ — 1 to talk
about the solution of this PDE for a = 1 as we will see.
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The dilation and
erosion PDEs yield
non-linear scale
spaces as per VAN
DEN BOOMGAARD
and SMEULDERS
(1994) and SCHMIDT
and WEICKERT
(2016).
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Recall that the
musical isomorphism
$:T*M — TM is
defined so that

&k, ) = & forall
EeT"M.

el

lloll

Hamiltonians (6.25)
(top) and
Lagrangians (6.26)
(bottom) for
a=2,3,4in
function of the

norms.
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HAMILTONIAN & LAGRANGIAN. The PDE (6.23) is a Hamilton-
Jacobi equation

d
SE(p,t) = +H, ((dus(-,1),)  VpeM,t =0, (6.24)
us(-,0) = up
where the Hamiltonian H, : T*"M — Ryg is given by
1 1 @
Hal) =~ % =~ ] (625)

for any & € T*M. Going forward we will suppress the G subscript
from the norm || - || and dual norm || - |« as it is understood that
these depend on the Riemannian metric G € T(T(*?M).

Clearly, the Hamiltonian is a strictly convex, H,(0) = 0 and
moreover is superlinear since

j{a(é) — 00
Il

if ||€]| — oo. The associated Lagrangian is found by applying the
Fenchel transform.

LEmMmA 6.9 (Morphological Lagrangian) The Lagrangian
Ly : TM — Ry belonging to the Hamiltonian (6.25) for a > 1
is given by

Lalo)= % loll? (6.26)

for all v € TM and where > 1 is the complement of a given
by
(6.27)

Proof. Letv € T,M at some p € M, then

Lo(v) := sup {&() = Ha(E)} = sup

Ee;M Eel;M

feto)- e},

Clearly, the optimal & € T];M satisfies & = Ao for some A > 0 so
we can rewrite

1 (04 1 a o
L4(v) = sup {9(/\0,0) - — [[A7]| } = sup {?\Ilvll2 = =AY |o| } :
A>0 o A>0 o
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Taking the derivative of the objective gives [|v]|> —A%71||v||*, which
is zero only if A = ||v]| = Filling it in into the objective function
yields

2-a
1

2-a 1 2-a\ % 1 _a_ 1
La(v) = [lo]|5=T o] -= (IIUII“* ) ol = (1 - —) ol = Zllo|lP.
a a B
O

Note that both the Hamiltonian (6.25) and Lagrangian (6.26)
are scalar functions of norms on their respective domains. So,
we could just as easily express the Hamiltonian and Lagrangian
in function of those ‘1D’ scalar functions H!P : R — R and
LP R — Ras

Hal8) = HCPUIEN) = IS,
1 (6.28)
£al0) = £°0) = gl

forall £ € T"M, v € TM and where a, 8 > 1 are related as per
(6.27). Some works refer to the scalar functions H'P and £P as
the Hamiltonian respectively Lagrangian, we make the distinction
here.

MORPHOLOGICAL CONVOLUTION. In R", a PDE of the type (6.23)
is solved with the help of a morphological convolution as in (6.1).
Analogously to how we generalized linear convolutions to homo-
geneous spaces in Theorem 3.3 we can generalize morphological
convolutions in a similar manner.
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DEFINITION 6.6 (Morphological convolution) Let G/H be a
homogeneous space of a Lie group G, f € L*(G/H) and let
k: G/H — R U {oo} be proper (i.e. not everywhere co) then
we define the morphological convolution of f with kernel k as:

(kogm f)p) := inf {(gy-k)(q)+ f(q)} (6.29)
qeG/H

where g, € p is freely chosen for all p € G/H. For this expres-
sion to be well-defined we require that the kernel k satisfies
the compatibility condition:

YVheH:h-k=k. (6.30)

When it is clear on what space we are applying the morpholog-
ical convolution we drop the subscript from Og,y and just write
0.

ANALOGY WITH THE LINEAR SETTING. Compare and contrast
the operators from Definition 6.6 with those of Theorem 3.3. The
overall construction of the two types of operators is very similar
except that multiplication is changed into addition and the integral
is changed into an infimum. The compatibility condition (6.30) is
slightly simpler than in the linear case (3.12) since we do not have
an analogue to the measure in the morphological case and taking
an infimum (or supremum) is always invariant, i.e.

inf (g-f)(p)= inf f(p)

peG/H peG/H

forall g € G.
It is also straightforward to show that the operators of Defini-
tion 6.6 are equivariant.

LemMA 6.10 (Morphological convolution is equivariant) In
the setting of Definition 6.6 it holds that

g (kogu f) =kogu (8- f)

forall g € G.
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Proof. Take g € Gand p € G/H, then

(g - (kogm f)) (p) = (kOgu £)(g7'p)
= qeing {(gg-1, - K)(@) + f(9)}

= inf {(g7g, K)q)+ (@)}

qeG/H

= inf k(s 20+ F(@))

’=¢g and invariance of in = i -1/ -1
(r=snand ind q,ggﬁH{k(gp 1)+ 7))

= (kog/u (8- 1)) (p).

O

Naturally we also need a kernel to do the morphological convo-
lution with. The kernel of interest is closely related to the PDE’s
scalar Lagrangian as in (6.28).

DErINITION 6.7 (Morphological kernel) Let a > 1 and let
G/H be a homogeneous space of a Lie group G equipped
with a G-invariant Riemannian metric G, then we define the
morphological kernel ki : M — R as

d , B
ke (p) = %( S(Pto P))

for all t > 0 and where 8 > 1 relates to a as per (6.27).

(6.31)

Note that we do not include the dependence of k;* on the Rie-
mannian metric § in the notation since it is normally clear which
metric we are using but this dependence should still be kept in
mind.

Since we required the Riemannian metric § to be G-invariant
it follows that p +— dg(po, p) is G-invariant, which in particular
implies that for all i € G, the following holds

ds(po, p) = dg(h - po, h - p) = dg(po, h - p).

From which it follows that the morphological kernel itself satisfies
the compatibility condition (6.30).
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CoOROLLARY 6.11 (Morphological kernel compatibility) The
morphological kernel from Definition 6.7 satisfies (6.30), i.e.
h-ki=kiforallhe H,t>0and a > 1.

This gives us all the elements to state our claim that using this
kernel with morphological convolution solves the dilation/ero-
sion PDE (6.23).

THEOREM 6.12 (Morphological solution) Let G/H be a homo-
geneous space of a Lie group G of polynomial growth, leta > 1
and let up : G/H — R be Lipschitz. Let G denote either G
or G, depending on whether we are solving the dilation or
erosion variant of (6.23). Then uz : G/H X (0, o) — R given by

us(-,t) = kf‘ O ug (6.32)
solves the erosion variant of (6.23) (i.e. the ’-” variant) while

u(+, t) = — (ki O (-uo)) (6-33)

solves the dilation variant of (6.23) (i.e. the ‘+’ variant) where
the kernel k' is based on the appropriate metric dg,. The solu-
tions are in the sense of BALOGH, ENGULATOV, HUNZIKER, and
MaasaLo (2012, Thm. 2.1) and are both Lipschitz themselves.

Proof. The Riemannian manifold (G/H, G>) is a proper length
space and therefore the theory of BALoGH, ENGULATOV, HUNZIKER,
and MaAsALO (2012) applies. Moreover, since G is of polynomial
growth, we have that G/H is a doubling space as per MAHEUX
(1998, Thm. 2.17) and also admits a Poincaré constant MAHEUX
(1998, Thm. 2.18). Hence we satisfy the additional requirements
of BALOGH, ENGuULATOV, HUNZIKER, and MAASALO (2012, Thm. 2.3
(vii) and (viii)).

The (scalar) Hamiltonian, as used in BALOGH, ENGuLATOV, HUN-
ZIKER, and MAAsALO (2012), is given by (6.28) and is indeed su-
perlinear, convex and satisfies 3(}P(0) = 0. The corresponding
(scalar) Lagrangian is also given by (6.28), according to BALOGH,
EncGuLaTOV, HUNZIKER, and MAASALO (2012), the solution — in
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the sense of their Theorem 2.1 — to the erosion variant of (6.23) is
given by

MS(P/ f) = lng {tﬁlD (d92(p q)) n uo(q)}

{t d92(g17p0' q)) uo(q)}

dSZ(PO/ gp q))

(G—invariance of G;) = inf
qeG/H

= lng <gp k(@) +0(q)}

= (ki Duo) (p)-

+uo(q)

The dilation variant of (6.23) is proven analogously. |

Moreover, as a consequence of Theorem 2.1(ii) in BALOGH, EN-
GULATOV, HUNZIKER, and MAASALO (2012) the kernels k' satisfy
the semigroup property as one would expect since they solve an
evolution equation.

CoroLLARY 6.13 For all @ > 1 the morphological kernels from
Definition 6.7 satisfy
ki okg =kf.,

for all t,s > 0. That is to say: they forms a semigroup together
with the morphological convolution.

SOLUTION CONCEPT. The solution concept used in Theorem 6.12
is that proposed by BALoGH, ENGULATOV, HUNZIKER, and MAAsALO
(2012). This solution concept is (potentially) different from that of
the strong, weak or viscosity solution. Their point of departure is
to replace the norm of the gradient with a metric subgradient, i.e.
we replace ||V, 3], by

Vits| (p, £) o= lim sup X {a(p 1) = ua(g, D), 0}
q=p ds,(p, 9)

7

129



130

PDE-BASED CONVOLUTIONAL NEURAL NETWORKS

and we obtain a solution in terms of this slightly different notion
of a gradient. See BALOGH, ENGULATOV, HUNZIKER, and MAASALO
(2012, §2.1) for details.

THE CASE @ = 1. When we set a = 1 we lose the superlinearity of
the Hamiltonian 7, and can no longer apply the approach from
BarocGH, ENGuLATOV, HUNZIKER, and MAASALO (2012).

The solutions for @ > 1 do converge pointwise to the solution
for @ = 1 as a | 1. However the solution concept changes from
that of one in terms of a metric subgradient to that of a viscosity
solution (AzAGRA, FERRERA, and LOPEZ-MEsAS, 2005; DRAGONT,
2007). In the general Riemannian homogeneous space setting the
result by AzAGRA, FERRERA, and LOPEZ-MEsAS (2005, Thm. 6.24) ap-
plies. It states that viscosity solutions of Eikonal PDEs on complete
Riemannian manifolds are given by the distance map departing
from the boundary of a given open and bounded set. As Eikonal
equations directly relate to geodesically equidistant wavefront
propagation on manifolds (RUND, 1966, §3; BEKKERS, Duits, MAsH-
TAKOV, and SANGUINETTI, 2015, §4, app. E; EVANS, 2022) one expects
that we can solve (6.23) for « = 1 using the kernel that results from
taking the limit & | 1 as follows.

DEerINITION 6.8 (Morphological kernel for & = 1) In the same
setting as Definition 6.7 we let

0 ifdg(po,p) <t
oo ifdg(po,p) > t.

ki (p) := lim k' (p) = (6.34)

Compare this kernel against the tropical indicator function
(5.17), applying morphological convolution with (6.34) as in Theo-
rem 6.12 comes down to doing max or min pooling over a Rieman-
nian ball of a certain radius that is proportional to the time ¢ in the
fashion we discussed in §5.3. Since morphological convolution
with ktl constitutes conventional hard max/min pooling, we can
think of dilation and erosion with @ > 1 as soft max respectively
min pooling.

In many matrix Lie group quotients, such as the Heisenberg
group (MANFREDI and STROFFOLINI, 2002) or in M, morphological
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convolution with the above kernel would indeed provide a viscos-
ity solution. One can describe G-invariant vector fields via explicit
coordinates and transfer Hamilton-Jacobi-Bellman (H]B) systems
on G/H directly towards HJB-systems on R" or R™ x5"2, with
n =ny + np = dim(G/H). Then one can directly apply results by
DRrAGONI (2007, Thm. 4) and deduce that applying morphological
convolution with the kernel (6.34) solves the PDE (6.23) for o = 1
in the same manner as Theorem 6.12 does for a > 1. Details are
left for future work and we will contend ourselves with the results
we obtained for a > 1 for now.

R As A REPRESENTATIVE EXAMPLE. To get an idea of how the
kernel in (6.31) operates in conjunction with morphological convo-
lution we take G = G/H = R and see how the operation evolves
simple data, the kernels and results at t = 1 are shown in Fig-
ure 6.5. Observe that with a close to 1 (kernel and result in red)
we obtain what amounts to an equivariant version of max/min
pooling in the fashion of §5.3.
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FIGURE 6.5: In the center we have kernels of the type (6.31) on R
(or the signed distance on a manifold of choice) for
some a > 1 and ¢ = 1, which solves dilation/erosion.
For a — 1 this kernel converges to the type in (6.34),
i.e. the solution is obtained by max/min pooling. On
the left we morphologically convolve a spike (in gray)
with a few of these kernels, we see that if « — 1
we get max pooling, conversely we can call the case
a > 1 soft max pooling. On the right we similarly
erode a plateau (in gray), which for a« — 1 yields min
pooling. The effects of these operations in the image
processing context can also be seen in the last two
columns of Figure 6.1.
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The level sets of the kernels k{' for a > 1 are of the same shape
as for the distance map, see Figure 6.3 (left). For a = 1 these are
the windows or the stencils over which we would perform pooling
as in (5.11). The level sets in Figure 6.3 are balls in G/H = M, that
do not depend on a. It is only the growth of the kernel values
when passing through these level sets that depends on a. As such
the example G/H = R and Figure 6.5 is very representative to the
general G/H case. For general homogeneous spaces Figure 6.5 still
applies when one replaces the horizontal R-axis with a signed
distance along a minimizing geodesic passing through the ori-
gin or point of reference. The parameter a can be understood as
regulating the softness of the max/min pooling.

APPROXIMATE KERNEL. Of course we still cannot conveniently
calculate the distance map dg, (po, - ) on M or homogeneous spaces
in general and instead substitute our logarithmic metric estimate
(6.4) as we did for the heat kernel.

DEFINITION 6.9 (Approximate morphological kernel) Let G
be a G-invariant Riemannian metric on homogeneous space
G/H and pg its associated logarithmic metric estimate as per
Definition 6.1. Then we define the approximate morphological
kernel for &« > 1 as

p
kP p) = /% (p%("”) (6.35)

and fora =1 as

0 ifpg(p) <t,
oo if pg(p) > t,

KPP () = (6.36)

for all p € G/H. Recall that we relate a, > 1 as per (6.27).

Since we have already established in Theorem 6.5 that the loga-
rithmic metric estimate satisfies the kernel compatibility condition
(6.30) it follows that the approximate morphological kernel also
satisfies this condition.
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COROLLARY 6.14 (Approximate morphological kernel compati-
bility) The approximate morphological kernel from Defini-
tion 6.9 satisfies (6.30), i.e. I - kf"appr = kf’appr forall h € H,
t>0and a > 1.

Unlike the approximate heat kernel from Definition 6.5 the
approximate morphological kernel only has a single level of ap-
proximation: replacing the true distance map with the logarith-
mic estimate. This makes bounding the approximate morpholog-
ical kernel with the exact ones straightforward by substituting
Lemma 6.3 into the definition since

is monotonic for x, t > 0.

COROLLARY 6.15 Let G/H be a homogeneous space of a Lie
group G of polynomial growth. Let & > 1, then for all compact
neighborhoods of pg = H there exists a C > 1 so that for all
t > 0 we have

k& (p) < k[P (p) < Ck(p) (6:37)

for all p € G/H. The constant C depends on «, the choice
of compact neighborhood and the Riemannian metric as in
Theorem 6.3. For the case @ = 1, the approximation is exact in
the inner and outer regions:

0 ifpg(p) <t
oo if dg(po,p) > t,

kPP (p) = Kl (p) = (6.38)

but in the intermediate region where pé >t and dg(po, -) < t
we have that k; """ = co while k¢ = 0.

Alternatively, instead of bounding by value we can bound in
time, in which case we need not distinguish different cases of a.
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COROLLARY 6.16 Let G/H be a homogeneous space of a Lie
group G of polynomial growth. Let & > 1, then for all compact
neighborhoods of py = H there exists a C > 1 so that for all
t > 0 we have

ki (p) < kPP (p) < k&,(p) (6.39)

for all p € G/H. The constant C depends on «, the choice
of compact neighborhood and the Riemannian metric as in
Theorem 6.3.

TEMPORAL RESCALING. With convection and diffusion we could
trade scaling of the convection vector field respectively Rieman-
nian metric against scaling time, the same holds for the morpho-
logical terms. For just this section we reintroduce the dependence
of the (approximate) morphological kernel on the metric G into
the notation: let kfgppr be the approximate morphological kernel
induced by the Riemannian metric § for some @ > 0. Then we

have forall t > 0 and A > 0 that

_1/, B
ka,appr _ £ (@)ﬁ _ 1 t !/ Pg _ ka,appr
t,9 g\t B 1 1,t7'g’

since Corollary 6.2 holds. From which we conclude — as in the
convection and diffusion case — that choosing an evolution end-
time is perfunctory and we may as well fix it at time t = 1 and
use only the Riemannian metric G to control how much dilation
and/or erosion we wish to perform.

With this in mind we end our theoretical results and move on
to introducing a neural network architecture that incorporates the
operations we have discussed so far.

69 THE GENERAL PDE LAYER

Now we finally get back to neural networks. We propose to take
a group convolution layer as in Figure 5.9 but do away with the
convolutions and activation function and instead evolve the in-
coming feature maps as per the PDE (6.2). We then still make
point-wise linear combinations of feature maps as before. Since
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we constructed (6.2) to be equivariant with respect to the relevant
Lie group it follows that such a layer is still equivariant, just like a
group convolution layer (5.8) is. The architecture of such a PDE
layer is illustrated in Figure 6.6. Next we will detail the elements
depicted in that figure.

channelwise pointwise linear
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FIGURE 6.6: An example of a PDE layer. The convolutions, pool-
ing operations and activation functions are removed
from a single channel convolution layer (as in Fig-
ure 5.1 or 5.9) and replaced with an evolution PDE
(6.2). The PDE has a certain amount of parameters as
part of its generator, labeled W here, each channel has
its own independent parameters. Together with the
coefficients of the pointwise linear combinations the
PDE parameters form the trainable parameters of the
layer.

FOR HOMOGENEOUS SPACES IN GENERAL. Say that we are work-
ing on a homogeneous space G/H. Let Cin, Cout € N be the num-
ber of input respectively output channels of the layer and let
uli.“ :G/H — Rfori =1...Ci, be the input feature maps. We use
the input feature maps as the initial conditions to the PDE (6.2)
where each channel has its own independent set of parameters.
Since we have established previously that all terms of (6.2) have
a temporal rescaling property we can fix the evolution time of
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the PDE at time T = 1 without losing any potential solutions. We
then process each input feature map in substeps according to the
operator splitting scheme from §6.3.

TIMESTEPS. In a scientific computing setting we would naturally
want to take multiple timesteps, iterating over each of the substeps
of the operator splitting approach until we reach our target stop-
ping time. Indeed we would expect the accuracy of the numerical
result to improve as we choose smaller timesteps and we would
normally choose a timestep as small as our computational bud-
get allows. In a deep learning setting we are however so severely
computationally constrained — due to having to repeatedly re-
compute solutions during the training process — that we want to
take as few timesteps as possible.

Hence, in experiments we only ever do a single timestep, apply-
ing each substep only a single time. While this may make for a less
than accurate numerical approximation it does not degrade the
performance of a PDE-based neural network in our experiments.
Indeed, increasing the number of timesteps had a barely measur-
able effect on the performance of the networks while drastically
increasing their computational requirements. We will therefor
proceed under the assumption that we only wish to take a single
timestep.

CONVECTION sUBSTEP. We have established that equivariant con-
vection can be solved as per Theorem 6.1. This means that we
are looking to train a § € G, i.e. the y.(~t) for t = 1 in Theo-
rem 6.1. The parametrization of g can be freely chosen, but if the
exponential map is surjective then it is convenient to use it. Say
Xi,..., X, € T,G is a basis for T,G with n; = dim(G) and let
wlonv,i, e, wférw,l.) € R™ be the trainable convection
parameters for each i =1, ..., Cin. Then we take the first substep
as follows:

Wceonv,i =

nq .
”El)(f’) =" | §p expg Z W, i Xi | PO (6.40)
=1

per Theorem 6.1 for each input channel i =1, ..., Cin.
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DIFFUSION SUBSTEP. The results u : G/H — R of the first
substep are the starting points for the next substep, being diffu-
sion. We restrict ourselves to non-fractional diffusion v = 1 here
since that is the case for which we have an easy-to-compute ap-
proximation. We perform (approximate) diffusion to the nominal
time t = 1 by convolution (6.13) with the approximate heat ker-
nel K; “PP" from Definition 6.3 to generate the next intermediate
results.

The kernel depends on the G-invariant Riemannian metric 1
in (6.2). G-invariant Riemannian metrics have finite degrees of
freedom and so we can parametrize them with a finite number
of parameters. We may opt to further restrict the Riemannian
metric beyond being G-invariant, for example by only allowing
Riemannian metrics that are diagonal with respect to certain pre-
ferred vector fields. Say we have chosen a family of G-invariant
Riemannian metrics parametrized by ny € N parameters which
we label as wgigr,;i = (wéiﬁ,i, Wy ffl) € R™ for each channel
i=1,...,Cin.

These parameters then form the trainable parameters of the
diffusion substep. If we include the dependency of the heat kernels
on the metric parameters explicitly in the notation by writing the
kernel as K}’appr
as

(wgif ;) then the diffusion substep is performed

2 1,
MZ( V= KPP (wairr ) *6m Mfl) (6.41)

foreachi=1,...,Ci.

DILATION & EROSION sUBSTEPS. The dilation and erosion sub-
steps work essentially the same as the diffusion substep in that
they depend on G-invariant metrics G5 respectively 35 . Using the
same parametrization of the Riemannian metrics as before we
have a set of parameters wgjj ; = (w? dﬂ l) € R™ to control

dil,i”
1 2 ) € R to control

the dilations and a set wero,i = (wero,l., e W

the erosions for each channel.

Solving the dilation involves the approximate morphological
kernel from Definition 6.9 using Theorem 6.12. The morphological
kernel once again depends on the Riemannian metric and so on
the parameters wyj1,;, which we make explicit again by writing
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the (approximate) kernel as kf’app "(wgi,;) for each channel i =
1,..., Cin. The dilation substep is then computed as

ul@ =— (kf,appr(wdﬂ,i) OG/H (—M}Z))) . (6.42)
The erosion substep is similarly computed using Theorem 6.12 as

uf4) = k;x,appr(werori) Oc/H I/ll@, (6.43)

which completes the PDE-based processing of the PDE layer.

THE a PARAMETER. The value of & > 1 we consider anon-trainable
hyper-parameter that is part of the design of a given network. In
the experiments that we discuss in the next chapter we found
empirically that values around a = 1.3 gave the best result. This
is likely the result of the morphological kernel having a good
trade-off between smoothness and sharpness around that value,
see Figure 6.5.

LINEAR COMBINATIONS. The final step of the PDE layer is mak-
ing pointwise linear combinations of the C;, processed input fea-
ture maps to make the Coy output feature maps. The coefficients
(aij) € RCouCin of the linear combinations are part of the trainable
parameters of the layer. Optionally, biases (b;) € R can be in-
clude as well. The final output of the PDE layer is then computed

as
Cin

ulg)ut = Z aij u]@ + b; (6.44)
j=1
foralli=1,...,Cout
We can group the trainable parameters of the substeps (6.40)
(6.41) (6.42) (6.43) together with the linear combination coefficients
and biases as

— conv diff dil ero conv diff dil ero B .
w = (wl ;wi, wi, wi, L we 'ow'ow'wCin'(aU)'(bl))'

Training of the layer then comes down to performing gradient
descent on w € RCn(11+3m2+Cout)+Cout,
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NONLINEARITY. Not all four terms of (6.2) need to be used all the
time. Which of the substeps (6.40)(6.41)(6.42)(6.43) are included
is a design choice that may depend on the application under con-
sideration. The main caveat being that at least one morphological
substep needs to be present to avoid the layer as a whole being a
linear operator since convection and (non-fractional) diffusion are
linear.

6.10 THE M) PDE LAYER

To close this chapter we detail how the PDE layer from the pre-
vious section §6.9 is constructed for our primary case of interest:
the homogeneous space M.

CONVECTION SUBSTEP. On My — or any principal homogeneous
space — the degrees of freedom of the G-invariant (i.e. left invari-
ant) vector fields equals the number of dimensions of the space.
This means we have 3 degrees of freedom (the n1 € N from above)
in the convection substep (6.40). The natural parametrization to
use is the exponential map (4.8) from §4.3 and compute the con-
vection substep as

”fl)(p) = uli.n (p eXPgg() (C}Al + cfAz + C?A3)) (6.45)
for all p € M, = SE(2) and where u}“ : M — R are the input
feature maps foralli = 1,..., Ciy. Recall that Cj, is the number
of input channels. Taken together, there are 3C;, trainable param-
eters here that we label w®W := (c}, cf, C?)ZC:“i Note that these
parameters are unconstrained, i.e. any value in R is valid.

METRIC BASED SUBSTEPS. The diffusion (6.41), dilation (6.42) and
erosion (6.43) substeps are all three dependent on their under-
lying SE(2)-invariant Riemannian metrics. We saw in §4.2 that
these metrics have 6 degrees of freedom. The general form of a
SE(2)-invariant Riemannian metrics (4.6) uses a symmetric pos-
itive definite 3 X 3 matrix to represent it. With the matrix being
symmetric we might be tempted to use the 6 upper or lower tri-
angle coefficients as parameters, but these are constrained in a
non-trivial manner if the matrix is to be positive definite. The

139

Unconstrained
parameters are
preferable when
using gradient
descent since no
additional checks
need to be made to
ensure the
parameters remain in
the constrained range
after updates.
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FIGURE 6.7: Unit spheres in M for different SE(2)-invariant diag-
onal metrics (6.8). These shapes are essentially what
is being trained for the diffusion, dilation and erosion
substeps and control to what degree and in what di-
rections those substeps perform their action.

unconstrained parameterization scheme of symmetric positive
definite matrices by PINHEIRO and BATES (1996) is then more con-
venient in a deep learning context.

For our experiments — in the next chapter — we further re-
stricted the metrics to be diagonal with respect to our preferred
frame as per (6.8) as

3
G = Zwiza)’@a)l.
i=1

Here the actual metric coefficients w%,w%, w,az, are always non-

negative courtesy of the square. The only remaining constraint is
that the three parameters w1, wy, w3 all have to be non-zero but
this is easy to check and enforce during training by setting a small
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minimum value. Figure 6.7 shows some unit balls on M, for these
types of diagonal metrics for different values of w1, wy, ws.

Using diagonal metrics we assign a set of three parameters as
per input channel for each metric based substep: wf, wdil, wer €
RCn*3, When including the coefficients for the pointwise linear
combinations and we end up with a total of Cin(12 + Coyt) param-
eters, with an extra Co,: parameters if we include biases.

This concludes our exposition on the design of PDE-based con-
volutional neural networks. In the next chapter we see how these
networks perform in image processing applications.
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APPLICATIONS OF PDE-BASED CNNS

To demonstrate the viability of PDE-based CNNs we perform two
experiments where we compare the performance of PDE-G-CNNs
against G-CNNs and classic CNNs. We will be doing vessel seg-
mentation and digit classification problem: two straightforward
applications of CNNs. Examples of these two applications are
illustrated in Fig. 7.1.

The goal of the experiments is to compare the basic building
blocks of the different types of networks in clearly defined feed-
forward network architectures. So we test networks of modest
size only and do not just aim for the performance that would be
possible with large-scale networks.

These experiments were first presented in SMETS, PORTEGIES,
BEKKERS, and Duirts (2022).

7.1 IMPLEMENTATION

We implemented our PDE-based operators in an extension to
the PyTorch deep learning framework (PAszkE et al., 2019). Our
package is called LieTorch and is open source.

LieTorch

Geometric Machine Learning
and Lie Analysis

The package is available at https:/ /gitlab.com /bsmetsjr/lietorch
and through the pip and conda package managers.

The operations we have proposed in the paper have been im-
plemented in C++ for CPUs and CUDA for Nvidia GPUs but can
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FIGURE 7.1: Top: example from the DRIVE dataset (STAAL, ABRA-
MOFF, NIEMEIJER, VIERGEVER, and VAN GINNEKEN,
2004), showing a retinal image and its vessel segmen-
tation. Bottom: examples from the RotNIST dataset
(BAWEJjA, 2018).

be used from Python through PyTorch. Our package was also
designed with modularity in mind: we provide a collection of
PyTorch modules that can be used together to implement the
PDE-G-CNNs we proposed but that can also be used separately
to experiment with other architectures.

All the modules we provide are differentiable and so our PDE-
G-CNN:s are trainable through stochastic gradient descent (or its
many variants) in the usual manner. In our experiments we have
had good results with using the ADAM optimizer from KinGma
and Ba (2014).

All the network models and training scripts used in the experi-
ments are also available in the repository.
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7.2 NETWORK DESIGN CHOICES

Several design choices are common to both experiments, we will
go over these in this section.

Firstly, we choose G = SE(2) and G/H = M for our G-CNNs
and PDE-G-CNN’s and so go for roto-translation equivariant net-
works. In all instances we lift to 8 orientations, the lifting layer
being constructed as in Figure 5.8 with lifting in the manner of
Figure 5.6.

Secondly, we use the convection, dilation and erosion version
of the PDE (6.2), thus not incorporating the diffusion term, hence
we refer to these networks as PDE-CNNSs of the CDE-type. Each
PDE-layer is implemented as in Figure 6.6 with a single timestep
being performed. So no explicit diffusion is used and the layer
consists of just resampling and two morphological convolutions.
Since we do the resampling using trilinear interpolation this does
introduce a small amount of implicit diffusion.

Thirdly, we fix @ = 1.3. We came to this value empirically; the
networks performed best with a-values in the range 1.2 — 1.4.
Looking at Figure 6.5 we can conjecture that a = 1.3 is the “sweet
spot” between sharpness and smoothness. When the kernel is too
sharp (« close to 1) minor perturbations in the input can have
large effects on the output, when the kernel is too smooth (a close
to 2 or even larger) the output will be smoothed out too much.

Fourth, all our networks are simple feed-forward networks lack-
ing such features as residual connections.

Finally, we use the ADAM optimizer (KINGMA and Ba, 2014)
together with L? regularization uniformly over all parameters
with a factor of 0.005.

ROLE OF DIFFUSION. When doing preliminary experiments we
found no benefit to adding diffusion to the networks for the ap-
plications we are interested in here. Diffusion likely would be of
benefit when the input data is noisy but neither datasets we used
are noisy. In other applications than classification or segmenta-
tion where more regularisation is desirable (such as inpainting
perhaps) the diffusion term is likely of more use. We leave these
investigations for future work.
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7.3 RETINAL VESSEL SEGMENTATION

The first experiment uses the DRIVE retinal vessel segmentation
dataset (STAAL, ABRAMOFF, NIEMEIJER, VIERGEVER, and VAN GIN-
NEKEN, 2004). The object is the generate a binary mask indicating
the location of blood vessels from a color image of a retina as
illustrated in the top image of Figure 7.1.

We test 6- and 12-layer variants of a CNN, a G-CNN and a
CDE-PDE-CNN. The layout of the 6-layer networks is shown in
Figure 7.2, the 12-layer networks simply add more convolution,
group convolution or CDE layers. All the networks were trained
on the same training data and tested on the same testing data.

The output of the network is passed through a sigmoid function
to produce a 2D map a of values in the range [0, 1] which we
compare against the known segmentation map b with values in
{0, 1}. We use the continuous DICE coefficient as the loss function:

2> ab+ e
Sa+Yb+e’

where the sum }; is over all the values in the 2D map. A relatively
small ¢ = 1isused to avoid divide-by-zeroissuesand thea = b =0
edge case.

The 6-layer networks were trained over 60 epochs, starting with
a learning rate of 0.01 that we decay exponentially with a gamma
of 0.95. The 12-layer networks were trained over 8o epochs, starting
from the same learning rate but with a learning rate gamma of
0.96.

We measure the performance of the network by the DICE coeffi-
cient obtained on the 20 images of the testing dataset. We trained
each model 10 times, the results of which are summarized in
Table 7.1 and Figure 7.3.

We achieve similar or better performance than CNNs or G-
CNNs but with a vast reduction in parameters. Scaling from 6 to
12 layers even allows us to reduce the total number of parameters
of the PDE-G-CNN while still increasing performance, this is
achieved by reducing the number of channels (i.e. the width) of
the network, see also Table 7.2.

loss(a,b) =1 -
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FIGURE 7.2: Schematic of the 6-layer models used on our segmen-
tation experiments. Kernel sizes and number of fea-
ture channels in each layer are indicated, depth in-
dicates that the data lives on M,. Omitted are acti-
vation functions, batch normalization, padding and
dropout modules. The 12-layer models are essentially
the same but with double the number of layers and
with reduced number of channels per layer (i.e. re-
duced width) for the CDE-PDE-CNN (hence the re-
duction in parameters going from 6 to 12 layers).

7.4 DIGIT CLASSIFICATION

The second experiment we performed is the classic digit classifica-
tion experiment. Instead of using the plain MNIST dataset we did
the experiment on the RotNIST dataset (BAWEJA, 2018). RotNIST
contains the same images as MNIST but rotated to various degrees.
Even though classifying rotated digits is a fairly artificial problem
we include this experiment to show that PDE-based CNNs also
work in a context very different from the first segmentation exper-
iment. While our choice of PDEs derives from more traditional
image processing methods, this experiment shows their utility in
a basic image classification context.

147



148 APPLICATIONS OF PDE-BASED CNNS

Model Parameters DICE score + std.dev.
CNN 6 47,352 0.8058 +0.0017
G-CNN 6 39, 258 0.8085 +0.0022
CDE-PDE-CNN 6 4,128 0.8115 +0.0018
CNN 12 129,432 0.8189 +0.0005
G-CNN 12 114,378 0.8192 +0.0012
CDE-PDE-CNN 12 3,678 0.8220 =0.0007

TaBLE 7.1: Average DICE coefficient achieved on the 20 images of
the DRIVE testing dataset and the number of trainable
parameters of each model. The G-CNNs and CDE-
PDE-CNNs are roto-translation equivariant by con-
struction. Note the vast reduction in parameters al-
lowed by using PDE-based networks.

Type of parameter CDE-PDE-CNN 6 CDE-PDE-CNN 12

Lifting layer 2352 1470
Convection 192 300
Dilation 192 300
Erosion 192 300
Linear combinations 1040 1076
Batch normalization 160 232

TABLE 7.2: Allocation of parameters for the 6- and 12-layer CDE-
PDE-CNN s used in the vessel segmentation experi-
ment. The added depth of the networks allows us to
shrink the overall width. With the network having less
channels over all we can also shrink the number of
channels in the lifting layer, which drastically reduces
the total number of parameters.

We tested three networks: the classic LeNets CNN (LECUN et
al., 1989) as a baseline, a 4-layer G-CNN and a 4-layer CDE-PDE-
CNN. The architectures of these three networks are illustrated in
Figure 7.4.

All three networks were trained on the same training data and
tested on the same testing data. We train with a learning rate of
0.05 and a learning rate gamma of 0.96. We trained the LeNets
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FIGURE 7.3: Comparison of PDE-based CNNs vs. G-CNNs vs.
CNNs s on the retinal vessel segmentation task. We
test 6- and 12-layer variants of conventional CNNSs,
G-CNNs and our CDE-PDE-CNNSs, each network is
trained 10 times, the chart shows the distribution of
DICE performances on the test dataset, a higher score
is better.

model for 120 epochs and the G-CNN and CDE-PDE-CNN models
for 60 epochs.

We measure the performance of the network by its accuracy on
the testing dataset. We trained each model 10 times, the results of
which are summarized in Table 7.3 and Figure 7.5.

We manage to get better performance than classic or group
CNNs with far fewer parameters.

7.5 COMPUTATIONAL PERFORMANCE

Care was taken in optimizing the LieTorch implementation to
show that PDE-based networks can still achieve decent running
times despite their higher computational complexity. In Table 7.4
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FIGURE 7.4: Schematic of the three models tested with the Rot-
NIST data. Kernel sizes and number of feature chan-
nels in each layer are indicated. Omitted are acti-
vation functions, batch normalization and dropout

modules.
Model Parameters Error rate + std.dev.
CNN (LeNets) 44,426 2.59% +0.66%
G-CNN Classifier 4 12,700 1.14% +0.21%
CDE-PDE-CNN Classifier 4 2,542 1.10% +0.10%

TABLE 7.3: Accuracy of the digit classification models on the Rot-
NIST testing dataset and number of parameters for
each model.

we summarized the inferencing performance of each model we
experimented with.

Our approach simultaneously gives us equivariance, a decrease
in parameters and higher performance but at the cost of an in-
crease in flops and memory footprint. While our implementation
is reasonably optimized it has had far less development time ded-
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FIGURE 7.5: Performance comparison of digit classification on
the RotNIST dataset. We compare the classic 5-layer
LeNet against a 4-layer G-CNN and PDE-CNN. LeNet
was trained for 120 epochs, the other two for 6o
epochs.

icated to it than the traditional CNN implementation provided by
PyTorch/cuDNN, so we are confident more performance gains
can be found.

In comparison with G-CNNs our PDE-based networks are gen-
erally a little bit faster. Our G-CNN implementation is however
less optimized compared to out PDE-G-CNN implementation.
Were our G-CNN implementation equally optimized we expect
G-CNN:s to be slightly faster than the PDE-G-CNN’s in our experi-
ments.

7.6 CONCLUDING REMARKS

In the previous Chapter 6 we presented the general mathematical
framework of geometric PDEs on homogeneous spaces that under-
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CNN G-CNN CDE-PDE-CNN

DRIVE 6-layer 1.75 6.5 6.8s
DRIVE 12-layer ~ 2.2s 14.18 9.8s
RotNIST 0.18 0.95 0.75

TaBLE 7.4: Time in seconds it took to run each model on the test-
ing dataset of its respective experiment. The DRIVE
testing dataset contains 20 images while the RotNIST
testing dataset contains 10,000 digits.

lies our PDE-G-CNNs. PDE-G-CNNs allow for a geometric and
probabilistic interpretation of CNNs opening up new avenues for
the study and development of these types of networks. We showed
in this chapter that, additionally, PDE-G-CNNs have increased
performance with a reduction of parameters.

PDE-G-CNNs ensure equivariance by design just like G-CNNs.
The trainable parameters are geometrically relevant: they are
group-invariant vector and tensor fields.

PDE-G-CNNs have three types of layers: convection, diffusion
and morphological — dilation & erosion — layers. We have shown
that these layers generalize the standard nonlinear operations in
CNNs such as max pooling and ReLU activation.

To efficiently evaluate PDE evolution in the layers, we provided
tangible analytical approximations to the relevant kernel operators
on homogeneous spaces. We have underpinned the quality of the
approximations in Theorem 6.8 and Theorem 6.12 of Chapter 6.

With two experiments we have verified that PDE-G-CNNs can
improve performance over G-CNNss in the context of automatic
vessel segmentation and digit classification. Most importantly, the
performance increase is achieved with a vast reduction in the amount of
trainable parameters.



SEMIRING ACTIVATION

In the previous chapters, we built neural networks that lacked the
traditional activation function. Instead, we used a class of trainable
nonlinear operators based on dilation/erosion PDEs. Specifically,
we performed morphological convolutions as per Definition 6.6.
While morphological convolution is not linear, that does not mean
it is completely lacking in structure. Indeed, let k, f1, f» be some
appropriate functions—the domain is not important right now—
and let a;,a; € R U {0} be some scalars. Then morphological
convolution has the property that

ko(min{a; + f1, a2 + f2}) = min{a; +(kO f1), a2+ (kO f2)}, (8.1)

which is structurally similar to normal convolution being linear:

k*(arfi + azfo) = ai(k = f1) + az(k = f2),

only with multiplication changed to addition and addition changed
to taking the minimum.

Looking at (8.1) as a separate property, we can say that PDE-G-
CNN s add 3 ingredients to neural networks:

(i) equivariance,
(ii) trainable operators with the semiring-linear property (8.1),
(iii) kernels derived from PDEs to be used in (ii).

Taking just ingredient (i) gives you (G-)CNNS, taking (i) & (ii) gives
you morphological convolutions and finally adding (iii) gives PDE-
G-CNN:s. In this chapter we wonder about the impact of ingredient
(ii) on the final result and how viable it is to replace activation
functions with just trainable operators that have a similar semiring-
linear property as in (8.1). We will make precise what we mean
with semiring-linear in general later in the chapter.
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I
The ‘swish’ function
fora =1

SEMIRING ACTIVATION

This chapter covers the material of SMETS, DONKER, PORTEGIES,
and Duirs (2024). Before we present semiring activation as a frame-
work for building trainable nonlinear operators we first cover
related works that introduce similar but distinct ideas.

8.1 RELATED WORK

While neural networks come in a large variety of types and archi-
tectures, one common characteristic the majority of them share is
the alternation between trainable linear operations (or affine op-
erations if one includes bias) on the one hand and non-trainable
nonlinear operators in the form of a scalar activation function
on the other hand. Sometimes a multi-variate nonlinear function
like max/min-pooling is also used, but this is again a fixed, non-
trainable function similar in nature to a scalar activation function.
Even in the case of transformers (VAswaNiI et al., 2017) one trains
linear maps that are then composed in a fixed manner through the
inner product and a soft-max function. While this binary setup is
the de facto standard in machine learning, exceptions exist. These
exceptions can be roughly classified into three classes: trainable
activation functions, non-standard neurons and morphological
operations. We will briefly discuss these three approaches. For
a comprehensive overview of trainable activation functions and
non-standard neurons see APICELLA, DONNARUMMA, ISGRO, and
PREVETE (2021).

TRAINABLE ACTIVATION FUNCTIONS. The most straightforward
way of obtaining a trainable nonlinearity is using an activation
function that has one or more parameters affecting it and train
these parameters as part of the neural network. This is typically
done either by adding some shape parameter to an existing fixed
activation function or building the activation function as an en-
semble of some fixed basis functions and have the ensemble coef-
ficients be trainable parameters. An example of the first kind is
the swish function (RAMACHANDRAN, ZOPH, and LE, 2017) defined

as
X

1+e-ax’
where @ € R is a parameter that can either be trained or is a

swish, (x) := x - sigmoid(ax) =
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chosen constant. Note that for & = 1 the swish function reduces
to the SiLU (ELFwING, UcHIBE, and Doya, 2018) and for &« — oo
reduces to the familiar ReL.U.

An example of the second kind is the adaptive blending unit
(SUTFELD, BRIEGER, FINGER, FULLHASE, and P1pa, 2018) given by

k
ABU(x) := > ai fi(x),
i=1

where the a;’s are the trainable parameters and the functions f;
are a selection of fixed activation functions such as tanh, ReLU, id,
swish, etc. In the original study the a; parameters were initialized
with % and constrained using a normalization scheme.

As APICELLA, DONNARUMMA, IsGRO, and PREVETE (2021) notes,
in most cases these trainable activation functions can also be ex-
pressed (or approximated) by a small feed-forward neural network
with fixed activation functions. This is not surprising since the
fixed activation functions remain the core building blocks. As a
consequence, the same benefit of using these trainable activation
functions can be achieved by simply making the neural network
deeper.

NON-STANDARD NEURONS. The alternative to making the activa-
tion function trainable is replacing the standard neuronal model
(linear map followed by an activation function) altogether. A basic
example is a maxout network (GOODFELLOW, WARDE-FARLEY, MIRZA,
CouRrvVILLE, and BENGIO, 2013) where each neuron has a number
of linear maps with scalar codomain and the final output is the
maximum of the group.

A more elaborate non-standard neuron is used in an morpho-
logical neural network as introduced by RITTER and SUSSNER (1996).
Here the idea is to replace the inner linear combination in the
classic neuron given by

yj = 0 (Zi wij xi +bj),

where 0 : R — R is an activation function , with a tropical combi-
nation given by:

y]-:o(max{wij+xi|i:1...n}+bj).
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and where o is again a choice of scalar activation function. More
examples of non-standard neurons can be found in APICELLA,
DONNARUMMA, IsGRO, and PREVETE (2021).

MORPHOLOGICAL OPERATIONS. Mathematical morphology is a
theory and set of techniques for analyzing and processing geomet-
ric features, most commonly in images (SERRA, 1982). In fact, the
morphological convolution from Definition 6.6 that we have been
using throughout takes its name from mathematical morphology.
With the rise in popularity of neural networks, many researchers
have been exploring ways of integrating ideas from mathematical
morphology into them.

The earliest work we are aware of is the PConv operator in Masci,
ANGULO, and SCHMIDHUBER (2013), here the morphological con-
volution is not implemented directly but approximated through
counter-harmonic means, which is also the approach taken by
MeLrouLrs, HAMDANI, AYED, and Arimi (2017). Later work uses
other approximations like soft maximum and minimum in SHiH,
SHEN, and ZHONG (2019). Both approaches have some trouble
when executed in floating point arithmetic, that can however be
ameliorated to some degree by a smart choice of bias as in SHEN,
ZHONG, and SHIH (2019). Direct computation of morphological
convolution is also possible as we did in previous chapters.

In this chapter we look at linear convolution and morphologi-
cal convolution as two special cases of a more general family of
operators where a particular choice of codomain algebra and do-
main translation equivariance naturally yields a convolution type
operator.

8.2 A DIFFERENT APPROACH TO NEURAL NETWORKS

Instead of looking at deep neural networks as consisting of layers
of neurons, we can also take the view that we are alternating
between linear and nonlinear operators. Sure, we usually choose
the nonlinear operator to be a scalar activation function and let the
linear operators be the trainable part but that is but one possible
design choice.
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Suppose we could place the nonlinear operator on an equal
footing to the linear one, what would this look like? Clearly, the
nonlinear operator needs some sort of structure similar to the
linear operators to make this work. If A : V. — W is some map
between vector spaces V and W then we say it is linear if

A(avi + bvy) = aA(v1) + bA(vy)

for all v1, v, € V and scalars a and b. We could require a similar
structure of a nonlinear operator B : X — Y, so that for some
binary operations @ and ® we have

Ba@aoxeboy)=a0B(x)®bo B(y) (8.2)

forall x1, x, € X and scalars 2 and b and where © takes precedence
over ®. The spaces X and Y would have to be spaces where these
operations make sense of course. If this allows for the nonlinear
operator B to be written as a matrix, similar to A then we could
train B in the same way we train A and effectively have linear and
nonlinear operators on the same footing.

This then will be our approach: look at a class of nonlinear
operators that are semiring-linear as in (8.2) and then instead of
building neural networks with trainable linear (or affine) operators
A; and activation functions o as

ApocoApj10---0Ay000A,
we build it with linear operators A; and nonlinear operators B; as
ApoBr10Ap10---0A20B10Ay,

where both types are trainable. We will refer to this idea as semiring
activation.

COMPATIBILITY WITH EQUIVARIANCE. An advantageous prop-
erty of this approach is that it is entirely compatible with the no-
tion of geometric equivariance insofar we restrict ourselves to scalar
codomains. This makes it possible to combine the techniques from
this chapter with the equivariance theory from Chapter 3.
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8.3 SEMIRINGS & SEMIMODULES

To construct quasilinear operators as in (8.2) we need to have
operations @ and © that have some structure to them. In the linear
case we use a field (usually R or C) and a vector space (such as R"
or C*(M) for some manifold M), we will now generalize this by
using semirings and semimodules instead.

SEMIRING. A semiring is an algebraic structure in which we can
add and multiply elements, but in which neither subtraction nor
division are necessarily possible.

DEerINITION 8.1 (Semiring) A semiring is a set R equipped
with two binary operations @ and ©, called addition and
multiplication, such that

(i) addition and multiplication are associative,
ii) addition is commutative,
) addition has an identity element 0,
(iv) multiplication has an identity element 1,

) multiplication distributes over addition:

a0bdc)=a0bdadec,
(a®db)Oc=aGcdboc,

(vi) multiplication by 0 annihilates:
00a=a00=0.

Additionally if a @ 2 = a we say the semiring is idempotent and
if 2 ©b = b © a we say the semiring is commutative or abelian.

Some works refer to Just like with standard multiplication it is conventional to ab-
semirings as rigs,  breviate ab = a © b if there can be no confusion. We also let © take
from rings ‘without precedence over ®,i.e.aObdc=(a0b)dc.
negatives’, hence the . ..
missing ' All fields are semirings—though not the other way around—
and so we can talk about the linear semiring as justbeing (R, ®, ©,0, 1) =
(R, +,-,0,1), which we denote as Rjjn.

SEMIRINGS OF INTEREST. Semirings, being fairly general, come in
a large variety. For our current purpose we are only interested in
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semirings that have the real numbers, possibly extended with +co,
as their underlying set. This way the new quasilinear operators
can coexist with the linear operators since each can deal with the
output of the other and we stay in the realm of floating point arith-
metic. The new addition and multiplication operations should
also be easy enough to compute in practice so as to not incur an
unreasonable performance penalty. Therefor we will focus on two
families of semirings: the tropical and the logarithmic.

TROPICAL SEMIRINGS. The first two closely related semiring that
we will consider—and already have used implicitly—are the tropi-
cal semirings. The name ‘tropical’ refers to Brazil where the Hungarian-
born mathematician Imre Simon lived and worked while studying
these semirings.

DErINITION 8.2 (Tropical semirings) The min-plus semiring
consists of the set R U {co} and the operations

a®b=min{a,b} and a®b=a+b.

The identity element for ‘addition’ is 0 = co and for ‘multipli-
cation’ is 1 = 0. We write

Ruin := (R U {o0}, min, 4+, 0, 0).

The max-plus semiring consists of the set R U {—co} and the
operations

a®b=max{a,b} and aOb=a+b.

The identity element for ‘addition” is 0 = —co and for ‘multi-
plication” is again 1 = 0. We write

Rmax := (RU {-o0}, max, +, —0,0).

Clearly, the min-plus and max-plus semirings are isomorphic
through negation x +— —x, therefore it is common to refer to either
of them as the tropical semiring.

Since min{a, b} = min{b,a} and min{a,a} = a the tropical
semirings are commutative and idempotent.
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LOGARITHMIC SEMIRINGS. The second family of semirings we
consider is that of the logarithmic semirings.

DEerINITION 8.3 (Logarithmic semirings) Let u # 0 and define
1 1a b
aeaybzzﬁlog(ef +e“) and a®b:=a+b,

foralla,b € RU {-sgn(u) - oo}. The identity element for &,
is —sgn(u) - oo and © is 0. We write

Rit, = (RU{=sgn() - o}, @, +,—sgn(p) - 00, 0)

and call this the logarithmic semiring.

Here we adopted the convention that e = 0 and correspond-
ingly log (0) = —oo. Associativity, commutativity and distributiv-
ity are easy to check. The annihilation axiom is also satisfied since
00a=-sgn(u) -co+a=-sgn(u)- oo =0.

The logarithmic semiring is closely related to both the linear
and tropical semiring. Indeed, the linear semiring Rj;, is isomor-
phic via the mapping x — e#¥ and its inverse x — 1 log(x). For
the addition &, this was already evident from its definition, for
multiplication the same is true since

a0b= %log (e“”e“b) = ilog (e“(“b)) =a+b.

The tropical semirings are not isomorphic to the logarithmic
semirings but they can be seen as the limits of the logarithmic
semirings in the sense of the following lemma.

LemMA 8.1 (Limits of logarithmic addition) Let u # 0 then

lim a &, b =min{a,b}

u——00
foralla,b € RU {co} and

lim a &, b = max{a, b}

[,1—)00

foralla,b € RU {—oco}.
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We will prove the first statement, the proof of the second one
goes analogously.

Proof. Leta,b € RU {0}, and assume a < b then

lim a®, b= lim l log (e““ + e“b)

U——0c0 U——0c0 ‘U

= lim 1 log (e““ (1 + e“(b_“)))
U——0c0 lu

= lim E (ya +log (1 + e“(b_“)))
U——0c0 lu

=a+ lim S log (1 + e“(b_”))

U——00 ‘Ll
=aq.

Similarly, when we assume b < a we have lim,—,_«a &, b = b. It
remains to check the case a = b:

lim a®,a= lim llog(Ze*‘”)
HU——00 ‘Ll

u——00
1
= lim — (log(2) + ua
Jim u( g(2) + pa)
=a.
We conclude that indeed lim;—,_« @ ®, b = min{a, b}. O

We can summarize the relationship between the linear, loga-
rithmic and tropical semirings in the following diagram.

Rlin

isomorphic

a— e[.lﬂ

M—)—OO ‘U_—)OO

Rmin —_
isomorphic

a— —a
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SEMIMODULE. The counterpart to the vector space in the semiring
setting is the semimodule.

DEerFINITION 8.4 (Semimodule) Let (R, ®,©®,0, 1) be a semir-
ing. A left R-semimodule or semimodule over R is a commu-
tative monoid (M, +1) with additive identity 0y and a map
R x M — M denoted by (a, m) — am, called scalar multipli-
cation, so that for all a,b € R and m, m" € M the following
hold:

(i) (a ©b)ym = a(bm),

(i) a(m +p m’) = am +p; am’,
(ifi) (a ® b)m = am + bm,
(iv) Tm=m,

(V) a0p = Oy = Om.

Naturally every semiring is a semimodule over itself just like
every field is a vector space over itself.

Let R be a semiring and S a non-empty set, then RS isa semimod-
ule with addition and scalar multiplication defined element-wise:
let f, f’ € RS and r € R then

(fef)s)=f(s)®f'(s) and (rO f)(s):=r0 f(s)

for all s € S. Here we used & and © for the operations in the
semimodule as well since they correspond with the @ and © oper-
ations in the semiring. The additive identity of the semimodule
is the constant function s + 0. This generalizes the prototypical
vector space R" to the semimodule R" using the notational con-
vention n = {1, ..., n}. For non-finite S we get the generalization
of function vector spaces to function semimodules.

SEMIMODULE HOMOMORPHISMS. Now we can formulate a gener-
alization of linear maps in the form of semimodule homomorphisms.
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DEerINITION 8.5 (Semimodule homomorphism) Let R be a
semiring and let X and Y be semimodules over R. Then a map

A : X =Y is an R-homomorphic map or an R-homomorphism if
foralla,b € Rand f, f' € X:

Alaf +bf’) = a(Af) +b(Af),

where on the left the addition and scalar multiplication hap-
pens in X and on the right the addition and scalar multiplica-
tion happensin Y.

Just like with the definition of linearity the single condition
above is equivalent to the following two conditions:

A(af) = a(Af') and A(f + f') = Af + Af’

foralla e Rand f, f' € X.

With this definition we can understand ‘linear” as homomor-
phic with respect to the real linear semigroup (R, +, -, 0, 1). But
now, instead of just considering only linear maps we can pick
another semiring and consider homomorphisms with respect to
this semiring. This allows us to construct equivariant semimod-
ule homomorphic operators in the same fashion as we did with
equivariant linear operators in § 3.3.

In fact, the morphological convolutions from Definition 6.6 are
exactly those operators that are i) equivariant and ii) homomor-

phisms with respect to the tropical semiring Rmin since they satisfy
(8.1).

84 TRAINABLE SEMIRING OPERATORS

In the same way we construct linear maps R” — R" through
matrix multiplication we can now construct a quasilinear map.
LetR = (R, ®,0,0, 1) be some commutative semiring, x € R”
and B € R and define

bii -+ binm X1 b110x1 @ ® b1y O xpy
Box=|: .. 1 |o]|: :

bor oo buml|  |xm b1 ©x1® -+ ®bum © Xm
(8.3)
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This is nothing more than the usual matrix-vector multiplication
operation when we take the linear semiring R = (R, +, -,0,1).
When we further overload the symbols & and © to component-
wise addition resp. scalar multiplication in R, i.e.:

X1 a0 xy X1 Y1 X1 @ y1
ao| :|:= : and el = : ,
Xm a0xy X Ym Xm @ Ym
then it can be verified that B satisfies
Bo(@oxeboy)=a0(Box)®bo(Boy). (8.4)

This makes x — B © x satisfy (8.2), we say it is a semiring-linear
operator with respect to R. We can also add a bias in this setting:
x> BOx®cwithceR".

We can now just treat the coefficients of B as the trainable
weights of this operator and treat them like any other weights
in the network. This manner of constructing nonlinear operators
works for any commutative semiring. We will be applying it for
the tropical and logarithmic semirings from Definition 8.2 and
Definition 8.3.

85 PARAMETER INITIALIZATION

An important aspect of training neural networks is proper initial-
ization of its parameters. The standard parameter initialization
schemes like Xavier initialization (GLOROT and BENGIO, 2010) and
Kaiming initialization (HE, ZHANG, REN, and SuN, 2015) are de-
rived specifically around the forward and backward stability of
linear maps and so do not apply to semiring-based maps. Con-
sequently, we need to come up with new initialization schemes
for the semiring weights, specifically for tropical and logarithmic
cases.

TROPICAL. For tropical operators (i.e. max-plus and min-plus) we
propose an initialization scheme based on “fair’ backpropagation
of gradients. Consider the max-plus operator R:., — RJ .. given
by

yi= ]B}a)r(n wi]’ + x]‘ (85)
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where x1,..., X € Rmax are the inputs, y1, ..., s € Rnax are the
outputs and [w;;];; € Rj5Y are the trainable parameters. Then the

partial derivatives are given by

dyi |1 ifj=argmax,_; , Wi+ X,
I%j 0 else,
fori =1...nandj = 1...m. This could be problematic for the

backward pass since if an input x; never ‘wins” one of the maxima,
1%

i.e. a—z; =0foralli =1,...,m, then its gradient will always be
zero. Conversely, if an input x; happens to be very large on a
consistent basis then it will accumulate all the gradients of all the
outputs y1, . .., y, toitself. The result would be a very unbalanced
gradient distribution during the backward pass, something we
know from previous research on parameter initialization (GLOROT
and BENGIO, 2010; HE, ZHANG, REN, and SuN, 2015) is undesirable.
The extreme case for the operator (8.5) would be having an x1
value (for example) that is consistently much larger than any other
xj + wjj so that foralli = 1,...,n we always have y; = wi; + x1.
Of course, we have limited control over the degree that this
effect will manifest during training, but we can at least avoid it
at the start by choosing an appropriate initialization scheme. The
idea is to make sure that at initialization there is a high probability

that there is at least one 7 = 1,...,n so that % = 1 for each

j=1,...,m.Thisis of course only possible when n > m, butin all
our experiments we have used models for which this is the case
(see Figure 8.1 and 8.2). Our aim will be to initialize the weights
w;j in (8.5) so that there is a high probability of each of the n inputs
‘winning’ roughly - of the m outputs.

Assuming the inputs x; generally stay in a range [—%, %] for
some K > 0. Then in the max-plus case we can initialize the weight
matrix W = [w;;];; € R™" as

0 ifi=jmodm

—-K else.

w;j = Unif[-¢, e] + (8.6)

The second term applies a penalty of —K to each input unless
i = j mod m ensuring that the m available ‘wins’ are fairly dis-
tributed among the n inputs (at least with high probability based
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on our assumptions on the inputs). We additionally add a modest
uniform distribution Unif[—¢, €] to keep the initialization scheme
from being deterministic from run to run. The variable ¢ is chosen
on the order of %

A matrix initialized like this, but without the stochastic term,
looks like

0 -K —K

-K 0 -K

-K 01- 8.7)
0 -K —K

-K 0 —K

We see that in each row all coefficients are equal to —K except for
on that is equal to 0. Assuming that the inputs are in the range
[—%, %], and forgetting the stochastic term for the moment, then
the input corresponding to the column with the zero value will
achieve the maximum for the output corresponding with that row.
This has the effect of (m mod 7n) number of inputs contributing to
|/n] outputs and the remaining inputs contributing to ["/x] out-
puts. This avoids the vanishing and exploding gradient problem
that would be caused by a single input dominating.
For the min-plus case we similarly set

0 ifi=jmodm

wjj = Unif[—¢, ] + (8.8)

K else.

In our experiments, normalization layers and weight decay keep
input values fairly small, so our starting assumption of inputs
being in a range [—%, %] generally holds. We found K = 1 gave the
intended effect of an initial fair distribution during the backward
pass without overly biasing the initialization. We call this scheme

fair tropical initialization.
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LOGARITHMIC. For the logarithmic semiring (for some choice of

u € R\ {0}) consider the operator (Rlog)m (Rlog)” given by
1 m
vi = log| ) et (8.9)
j=1

foralli=1...n,wherexy,...,x; € Rﬁ)garetheinputs,yl, e, Yn €
Rﬁ) g are the outputs and [w;;];; € (Rﬁ) g)”xm are the trainable pa-
rameters. Then the partial derivatives are given by

ayi ey(x/+wi]-)
oxj Sy ebeern)”

which is nothing but the softmax function with temperature i over
the values {xj + wik}ZLl.

Let us now take the same approach as GLorOT and BENGIO (2010)
and look at the inputs x; and outputs y; as random variables and
control forward variance. We assume all the inputs x; arei.i.d. with
expected value E[x;] = 0 and some finite variance Var(x) < oo.
Then we can estimate the variance of the outputs using the delta

method as
Ay 2
Var(y;) ~ Z £ (E[x1], ..., E[xn])" Var(x;),
j=1 77

and since we assumed the input distributions to be i.i.d. and cen-
tered we have

m . wij 2
Var(y;) = Var(x) Z %(O, . = Var(x) Z ( i ) .
j=1 "

DI e
Ideally we want Var(y;) ~ Var(x), which is the case if
m 2
eHwii
2 (5] -
= L e
or

m m
I et a0
j=1

=1
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foralli =1,...,n. We can satisfy this condition exactly by choos-
ingasingle J; =1,...,mforeachi =1,...,n and set that weight
to w; j; = 0 and set the other weights to w;; = —sgn(u)co. In that
case et = 11if j = J; and e*™ = 0 if not and consequently both
sides of (8.10) are equal to 1.

We can also make a similar analysis for the backward pass. Let
(y;)_, be the loss gradients of the outputs and (Ej);.”:l be the loss
gradients of the inputs. We interpret these as random variables,
where we assume the output gradients y; are i.i.d. with E[y;] =0
and finite variance Var(y;) = Var(y) < coforalli =1,...,n. Then
the loss gradients of the inputs are computed as

n

Xj = a
i=1

(-xll s /xm)yi/

or if we are talking about the expected backward pass over the
possible inputs we can say

_ w9y _
Xj~ ; 8_xj(0'”"0)yi'

The variance of the input gradients can then be approximated as

n ayl _ e lij
ZE(O"”’O)%’ Var(y)Z(zk 1€ywzk) ’

i=1
which implies that to get Var(x;) ~ Var(y) we need

n ol 2
O
Zk:l e HWik

i=1

Var(x;) ~ Var

or

n n 2
D ety (Z et ) (8.11)

i=1 i=1
forall j =1,...,m. We can satisfy this condition exactly by choos-
ingasinglel; =1,...,n foreachj=1,...,m and set that weight
to wy, ; = 0 and set the other weights to wj; = —sgn(u)eo. In that
case e/ = 1if i = I; and e#*7 = 0 if not and consequently both
sides of (8.11) are equal to 1.
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Satisfying both forward (8.10) and backward condition (8.11)
is only possible in the case that m = n where we can set I; = j
and J; = i. But even then, this scheme is not satisfactory. If we
initialize parameters to +oco (depending on the sign of p) they can
not be changed by the addition of finite numbers thus making
training impossible. We might then be tempted to substitute +oco
by a very large negative of positive value to initialize with. But
this still causes a problem for training.

Consider the loss gradient for an individual parameter:

e[u(xj+w,'j)

wij = (8.12)

If we try to satisfy (8.10) and (8.11) then we would set w;x = 0 for
somek =1,...,nforeveryi =1,...,n. This implies that the de-
nominator in (8.12) is greater than or equal to 1. If we subsequently
set w;j = —sgn(u)K for j # k and K a very large number then
the numerator of (8.12) becomes vanishingly small, possible zero
in floating point format. This essentially freezes the parameter’s
value since any updates applied to it would become practically
zero.

Assuming the inputs (x j);.”: , are centered, the expected value of
the fraction in (8.12) is given by

e lwij
Xy etk

which gives values in the range [0,1] forany i = 1,...,n and

j =1,...,m. We can avoid this fraction becoming (effectively)

zero from the start by initializing all the parameters to roughly
the same value, ie. foralli =1,...,n set

(8.13)

Wil R Wi X ... X Wipy. (8.14)

In this case we achieve the maximum of the minimum where (8.13)
gives the value !/m foralli=1,...,nand j=1,...,m.
Satisfying the forward condition (8.10), backward condition
(8.11) and parameter trainability condition (8.14) all at the same
time is not possible. However, the fair tropical initialization scheme
does present a reasonable trade-off between these three clashing
requirements. Indeed if we initialize using this scheme (assuming
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n > m for the moment) we get a matrix like (8.7), where we let
K> 0if y > 0and K < 0if u < 0. First, most entries have the
same —K value and so satisfy (8.14) to some degree. Second, in
every row we have a single element (the zero values) that are
relatively dominant with respect to the other elements in the row,
thus catering to (8.10). Third, in every column we have at most
["/m] zero values that are relatively dominant with respect to the
other elements in the column, thus catering to (8.11).

8.6 FULLY CONNECTED EXPERIMENTS

To check the viability of our proposed scheme we first run a set of
experiments with small fully connected networks on a variety of
datasets. The datasets for this series of experiments are:

e the classic iris dataset from ANDERSON (1936), available at
www .kaggle.com/datasets/uciml/iris,

¢ the heart disease dataset available at www.kaggle.com/dat
asets/johnsmith88/heart-disease-dataset,

¢ the circles and spheres dataset from NAITZAT, ZHITNIKOV,
and LM (2020), available at www.github.com/topnn/top
nn_framework,

¢ the FashionMNIST dataset from X1a0, RAsuL, and VOLLGRAF
(2017), available at www.github.com/zalandoresearch/fas
hion-mnist.

The code of the experiments is available at www.github.com /b
mnsmets/semitorch.

ARCHITECTURES. We will train a set of network architectures that
only vary slightly based on the dataset. Every model will be based
on a common architecture with a linear stem and head with two
layers with residual connections in between, see Figure 8.1a. The
stem and head are there to convert the features in the dataset

The provenance of this dataset is complicated and its contents are of questionable
value for predicting heart disease, see SIMMONS II (2021) for an investigation into
this dataset. For our purpose of comparing network architectures this dataset is
still perfectly serviceable to see how well models deal with poor data.


www.kaggle.com/datasets/uciml/iris
www.kaggle.com/datasets/johnsmith88/heart-disease-dataset
www.kaggle.com/datasets/johnsmith88/heart-disease-dataset
www.github.com/topnn/topnn_framework
www.github.com/topnn/topnn_framework
www.github.com/zalandoresearch/fashion-mnist
www.github.com/zalandoresearch/fashion-mnist
www.github.com/bmnsmets/semitorch
www.github.com/bmnsmets/semitorch
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(n € N features) to internal network features (w € N features)

and back to the output classes (c € N classes) from the dataset.

The internal layers we will vary between a traditional ReLU based
layer (Figure 8.1b) and semiring based layers (Figure 8.1c and
8.1d). For the iris and heart disease datasets we use the ReLU layer

without layer normalization and semiring layer from Figure 8.1c.

For the circles, spheres and FashionMNIST dataset we use the
ReLU layer with layer normalization and the semiring layer from
Figure 8.1d.

Linear
LaYD l
(g
Head R
R¢ (B) Baseline Linear-

RelLU layer,
normalization and

(c) Alternating
between linear

(a) Common second
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[Rw

LayerNorm

}

Semiring

model layout is only added semiring oper-
shared by for the Circles, ators, as used
all our fully Spheres  and in the Iris and
connected FashionMNIST Heartdisease
networks. experiments. experiments.

FiGURE 8.1: Network architecture for our fully connected experi-
ments. The Head and Stem modules are linear mod-
ules. None of the modules include biases. The layer
normalization modules include affine transforms. The
number of input features n and number of output
classes c are dataset dependent, the internal width
parameter w is chosen per experiment. Each network
under consideration has the exact same number of
parameters per experiment.

[Rw

(p) Combining

layer normal-
ization with a
quasilinear op-
erator as used
in the Circles,
Spheres  and
FashionMNIST
experiments.
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TRAINING. Training the networks with semiring based activation
proved challenging. The usual setups that are known to work
well for conventional neural network do not necessarily carry over.
Indeed, parameter initialization, normalization layers, optimizers,
and schedulers have all seen much research to obtain the best
possible results with conventional neural networks. We spent a
lot of time finding a training setup that worked for our modified
networks but we expect that this is an area where more gains
could be found. We document the training setup that we used for
our fully-connected experiments next.

OPTIMIZER & LEARNING RATE SCHEDULER. We ended up set-
tling on a combination of the AdamW optimizer (LosHCHILOV and
HUTTER, 2019) and the 1-cycle learning rate scheduler (SmitH and
ToriN, 2019). Key in getting comparable performance out of the
semiring based networks as compared to the baseline network was
assigning a separate optimizer to the linear parameters and the pa-
rameters of the semiring module. In general we needed to assign
smaller learning rates to the semiring parameters to have stable
training. The FashionMNIST experiment is an exception to this,
there we obtained best results by increasing the semiring learning
rate and decreasing the linear learning rate. The hyperparameters
for all the experiments are listed in Table 8.1.

RESULTS. We perform 10 training runs for each type of network on
each dataset using the training setup we described. We measure
performance by the accuracy (mean + standard deviation over the
runs) on the testing dataset that was not seen during training. We
use the same training/testing split of the dataset for every type of
network. The results are summarized in Table 8.2.

The semiring activation networks manage to modestly outper-
form the classic network in 3 of the 5 cases and are only slightly
behind in the other 2 cases. A standout failure is the logarith-
mic semiring networks with p € {1, 1} in the circles and spheres
datasets. We can explain this based on the fact that these are low-
dimensional problem (2 respectively 3 input dimensions) where
there is a sharp boundary between the classes. At the same time
the logarithmic maps are fairly gradual for small absolute val-
ues of y and weight decay keeps the parameters from becoming



TABLE 8.2: Accuracy percentage (mean =+ standard deviation) of
the trained fully connected networks on the testing sets
of the various classification datasets. The best result
for each dataset is indicated in purple, the second best
result in green.

large enough to compensate for that. Consequently, the logarith-
mic networks have a hard time separating classes that are close

together.
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Hyperparameter Iris Heartdisease Circles Spheres FashionMNIST
Epochs 40 40 100 100 40
Batchsize 8 16 32 16 512
Optimizer AdamW AdamW  AdamW  AdamW AdamW
Scheduler 1-cycle lin 1-cyclelin 1-cyclelin 1-cycle lin 1-cycle lin
Learning rate (linear) 0.020 0.010 0.020 0.020 0.008
Learning rate (tropical) 0.004 0.008 0.010 0.010 0.040
Learning rate (logarithmic) 0.040 0.008 0.008 0.008 0.040
Weigh decay 0.01 0.05 0.01 0.01 0.01
Warmup epochs 18 18 45 45 18
Warmup factor 1/10 1ho 1ho 1ho 1ho
Annihilation factor 1/1000 1/1000 1/1000 1/1000 1/1000
Internal width w 4 48 16 32 8
RNG seed 42 42 42 42 42
Parameters 60 5328 2336 2336 2288
TaBLE 8.1: Hyperparameters for the fully connected semiring experi-
ments.
Model / dataset Iris Heartdisease Circles Spheres FashionMNIST
RelLU 97.14 062  83.93 £2.16 84.50 +039  80.91 +1.62 83.82 +0.35
maxplus 97.52 +x1.01  83.50 +2.27 84.84 +0.86  81.69 042 83.50 +0.34
minplus 97.62 +0.49  82.84 +1.22 84.91 035 81.61 +0.60 83.39 +0.24
logplus = -10 97.58 z1.00 81.72 z1.62 85.06 +0.25  81.52 x071  83.46 +0.37
logplus p=-1  97.90 039  83.26 +2.15 73.92 +684  69.41 +505  83.50 +0.28
logplus p =1 97.97 +049 82.38 +1.73 75.06 +7.89  67.28 +553  83.46 +0.16
logplus p =10  97.46 z062  81.86 +1.15 85.16 026 81.62 045  83.56 £0.37
Parameters 60 5328 2336 2336 2288
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On the whole though we can conclude that the semiring ap-
proach is at least as viable as the standard approach for these
smaller problems. We can now try to see if we can scale up to
some larger networks.

87 CONVNEXT EXPERIMENTS

We perform a final experiment to see how viable replacing activa-
tion functions with semiring activation is in an existing modern
and optimized network architecture. We start from the ConvNeXt
network from Liv et al. (2022), specifically the atto variant available
from WIGHTMAN (2019), and train it on FashionMNIST.

ARCHITECTURE MODIFICATIONS. The core block at the heart of
any ConvNeXt consists of two phases:

1. a depthwise convolution that applies a kernel per feature map
and

2. a normalization followed by a reverse bottleneck MLP that is
applied pixel-wise.

The result of these two operations is added to the input to form a
residual connection, see Figure 8.2a.

Our adaptation keeps the (linear) depthwise convolution and
normalization but replaces the MLP with a concatenation of a
non-linear semiring operator and a linear operator. The semiring
operation performs a 4x fan-out while the linear operation reduces
again to the original amount of channels, thus retaining the same
reverse bottleneck of the original, see Figure 8.2b.

RESULTS. We compare the performance of the semiring based
networks against the baseline network using an MLP. We perform
10 training runs per model and record accuracy on the test dataset.
We train 4 semiring based models: maxplus, minplus, logplus(u =
—1) and logplus(u = 1). We train all models for the same 50 epochs
and batchsize of 512 and adapt the rest of the training setup to
each model. Details for the training setup can be found in Table 8.3.
The results are summarized in Table 8.4.

Training with these (relatively) large scale networks proved
more challenging than with the previous toy networks. In partic-
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thwxc thwxc
Depthwise Depthwise
Conv Conv
R/xwxc R /rxwxc
Linear Semiring
RhXZUX4C l
GELU R ixwxdc
thwx4c
Linear Linear
@ 52
R/xwxc l R xwxc l
(a) Standard ConvNeXt block (B) Modified ConvNeXt block
with two linear maps and with a semiring and lin-
an activation function in be- ear layer without activation
tween. function.

FIGURE 8.2: Standard and semiring-based ConvINeXt (L1u et al.,
2022) blocks compared. Normalization and dropout
modules are omitted.

ular the logarithmic networks proved challenging and required
us to remove the affine transform from the normalization layer
to avoid numerical stability issues. The problem is that in single
precision floating point, the function x — e* already overflows
at x = 89. This would not happen if x is normalized but is likely
enough to happen if we let x be an affine transform of a normal-
ized input. The overflow would only need to happen at one place
in the network, after which ‘inf” values would propagate through-
out the network and ruin training. As we already experienced
in the previous experiments, both the tropical and logarithmic
variants proved to be more sensitive to the training hyperparame-
ters than the baseline network. This sensitivity makes finding a
good training setup harder for the semiring networks than for the
baseline network.

As the second column of Table 8.4 shows, both the tropical
and logarithmic network’s accuracy fall significantly short of the
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Hyperparameter MLP tropical-linear logplus-linear
Epochs 50 50 50
Batchsize 512 512 512
Affine LayerNorm Yes Yes No
Optimizer AdamW AdamW AdamW
Scheduler 1-cycle cos 1-cycle cos 1-cycle cos
Learning rate (linear) 4.1073 4.1073 6-1073
Learning rate (semiring) - 1-1073 5.107%
Weight decay (linear) 5.1073 5.107° 5.1073
Weight decay (semiring) - 1-1072 1-1072
Warmup epochs 5 5 5
Warmup factor (linear) 1/25 1/50 1/50
Warmup factor (semiring) - 1/50 1/50
Annihilation factor 1 /500 1/250 1/250
RNG seed 42 42 42
Initialization (linear) Kaiming Kaiming Kaiming
Initialization (semiring) - Tropical fair Tropical fair
Parameters 3,375,850 3,375,850 3,372,170

TaBLE 8.3: Hyperparameters settings for the ConvNeXt experi-

ments.
Feed-forward type Test accuracy(%) Train accuracy(%) Gap(%)
MLP (linear-GELU-linear) 91.24 +0.13 99.97 +0.07 -8.63
maxplus-linear 89.08 +0.29 93.26 +2.32 -4.18
minplus-linear 89.93 +0.24 94.74 +2.79 —4.81
logplus-linear = -1 88.15 +0.15 91.72 +2.52 -3.57
logplus-linear p = 1 88.31 +0.23 91.60 +2.52 -3.29

TABLE 8.4: Accuracy(%) (mean + standard deviation) of the
trained ConvNeXt models on the FashionMNIST test
dataset and on the last 100 training batches. The gener-
alization gap is the difference between the two mean
accuracies.

baseline network. This shortfall is not favorable to the semiring
idea but there are some nuances to be made.

Looking at the third column of Table 8.4 we see that the baseline
network has saturated its performance on the training data. Dur-
ing the last 100 batches the baseline network has virtually 100%
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training accuracy. Consequently it can not benefit much more
from further training. At the same time there is a fairly large gap
between the training and testing accuracy as can be seen in the last
column of Table 8.4. On the side of the semiring networks we see
that after 50 epochs there is still significant room for improvement
on the training data and that the gap between the testing and
training accuracy is much more modest.

We conjecture that this difference is partly explained by the
standard training regime being very well suited for the baseline
network but that the modifications we made—chiefly the parame-
ter initialization scheme—are not sufficient to extract maximum
performance from the semiring networks. Indeed, the methods for
neural network training have evolved much over the last decade
with much research into optimizers, schedulers, initialization, reg-
ularization, etc., all focused on the linear with activation type
networks. It would not be unreasonable to assume similar efforts
could yield similar progress in training semiring based networks.

8.8 DISCUSSION & CONCLUDING REMARKS

VIABILITY. In this chapter we have proposed a general framework
for constructing trainable nonlinearities for neural networks. We
constructed several such trainable nonlinearities based on the
tropical and logarithmic semirings and introduced an associated
parameter initialization scheme. We did a series of experiments to
show the viability of replacing the traditional activation function
in neural networks with nonlinearities based on the aforemen-
tioned semirings.

UNREALIZED POTENTIAL. Our experiments showed that the semir
ing approach is viable in that we can get very good results for
small networks and decent but not state-of-art results for larger
networks. With regard to the larger scale experiment we con-
cluded that there is more performance on the table for semiring
networks that can potentially be unlocked by designing more
suitable optimizers, schedulers, initialization schemes, regular-
ization schemes, etc. Whether such a line of research would be
worthwhile is debatable for two reasons.
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First, while our experiments show viability, they do not imme-
diately show a clear advantage over traditional neural networks
with activation functions.

Second, the current development of speciality deep learning
hardware (DHILLESWARARAO, BoPPU, MANIKANDAN, and CENKERA-
MADDI, 2022) focuses to a large degree on optimizing linear op-
erations. Most GPUs in general use today already contain hard-
ware dedicated to linear matrix multiplication (MARKIDIS, DER
CHIEN, LAURE, PENG, and VETTER, 2018), this makes linear compu-
tations much more efficient than doing semiring computations
that would have to be executed by general purpose computing
units at a higher cost in time and energy.

CONCLUSION ON PDE-G-CNNS. Recall that our interest in the
semiring structure was instigated by the PDE-G-CNNSs of previ-
ous chapters. In those networks we also had trainable nonlinear
operators based on the tropical semiring, but these operators were
further structured to satisfy equivariant and PDE properties. We
asked whether the benefits from PDE-G-CNNs were perhaps not
largely a consequence of the tropical semiring structure rather
than the equivariant and PDE structures.

We can now answer this question in the negative. Without the
equivariance and PDE constraints the tropical operator becomes
very hard to deal with and a challenge to train. PDE-G-CNNs can
be successfully trained without much adaptation of the training
regime and are not unusually sensitive to hyperparameters. PDE-
G-CNNss also do not require more epochs to saturate their training
data than normal CNNs, which was clearly an issue for the tropical
semiring networks in our ConvNeXt experiment.

Overall, we conclude that the equivariant and PDE structures
play an important role in making PDE-G-CNNs work and the
semiring structure is not—by itself—the cause of the benefits of
PDE-G-CNNE.



Part II1

IMAGE DENOISING

Any real imaging application has to deal with inputs
that are noisy to some degree. Often then, denoising
an image is the first stage of processing or analyzing an
image. In this part we detail our research in developing
new denoising methods that are good at preserving
edges in an image while also being roto-translation
equivariant.






TOTAL VARIATION & MEAN CURVATURE
DENOISING

Two key ideas have greatly improved techniques for image en-
hancement and denoising: the lifting of image data to multi-
orientation distributions, and the application of nonlinear PDEs
such as fotal variation flow (TVF) and mean curvature flow (MCEF).
These two ideas were recently combined by CHAMBOLLE and Pock
(2019) (for TVF) and CiTTi, FRANCESCHIELLO, SANGUINETTI, and
SARTI (2016) (for MCF) for two-dimensional images.

In this chapter, we extend their approach to enhance and de-
noise images of arbitrary dimension, creating a unified geometric
and algorithmic PDE framework, relying on (sub-)Riemannian
geometry. In particular, we follow a different numerical approach,
for which we prove convergence in the case of TVF by an appli-
cation of Brezis-Komura gradient flow theory. Our framework also
allows for additional data-adaptation through the use of locally
adaptive frames and coherence enhancement techniques.

We apply TVF and MCF to the enhancement and denoising
of elongated structures in 2D images via orientation scores, and
compare the results to Perona-Malik diffusion (PERONA and MALIK,
1990) and BM3D (DaBov, Foi, KATKOVNIK, and EGIAZARIAN, 2007).
We also demonstrate our techniques in 3D in the denoising and
enhancement of crossing fiber bundles in DW-MRI. In comparison
to data-driven diffusions, we see a better preservation of bundle
boundaries and angular sharpness in fiber orientation densities
at crossings.

OoUTLINE. This chapter is based on the contents of Duits, ST-ONGE,
PorTEGIES, and SMETS (2019) and SMETS, PORTEGIES, ST-ONGE, and

181



182 TOTAL VARIATION & MEAN CURVATURE DENOISING

Durrs (2021). We will first give a broad introduction to related
work. Much of the theoretical preliminaries we have already cov-
ered in Part I, so we can limit our theoretical coverage to orientation
scores and total variation and mean curvature flows.

9.1 INTRODUCTION

LIFTING. In the last decade, many PDE-based image-analysis tech-
niques for tracking and enhancement of curvilinear structures in
images took advantage of lifting image data, typically defined on
R, to a multi-orientation distribution (e.g. an orientation score)
defined on the homogeneous space M, of d-dimensional posi-
tions and orientations. See Figure 9.1 and BEKKERs (2017), BoscalN,
CHERTOVSKIH, GAUTHIER, PRANDI, and REm1zov (2018), CHAMBOLLE
and Pock (2019), CitTi and SARTI (2006), Duits (2005), and VoGt
and LELLMANN (2018). After lifting the image to a multi-orientation
distribution, the distribution is taken as an initial condition of a
PDE flow. After solving a limited number of iterations of the PDE
model, one obtains a regularized version of the original distri-
bution, and by integration over all orientations, one obtains a
regularized version of the original image.

The key advantage of lifting the images from R? to the homo-
geneous space Mj; is that the PDE flow can act differently on sub-
structures with different orientations (BEKKERS, 2017; CHAMBOLLE
and Pock, 2019; Duits, MEESTERS, MIREBEAU, and PORTEGIES, 2018).
For instance, if the image contains two crossing lines, the PDE can
regularize the two lines independently, rather than regularizing
the whole crossing. Similarly, if the image contains a corner, the
corner is preserved in the regularized image.

APPLICATIONS USING LIFTING. This idea of lifting images has
been successfully implemented for image enhancement (Cirri,
FRANCESCHIELLO, SANGUINETTI, and SARTI, 2016; FRANKEN and
Duirs, 2009), geodesic tracking (BEkkers, Duits, MAsHTAKOV, and
SANGUINETTI, 2015; CHAMBOLLE and Pock, 2019; ScHMIDT and WE-
ICKERT, 2016), image denoising (GHIMPETEANU, BATARD, BERTALMIO,
and LEVINE, 2015), contrast perception and optical illusions (BERTALMIO,
CaLATRONI, FRANCESCHI, FRANCESCHIELLO, and PRANDI, 2019). For
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FIGURE 9.1: An illustration of the lifted image workflow. Instead
of direct PDE-based processing of an image, we apply
PDE-based processing on a lifted image on R¥ = 54-1,
which is obtained by convolving the image with a
set of rotated wavelets allowing for stable reconstruc-
tion (BEKKERS, 2017; DUITS, 2005; JANSSEN, JANSSEN,
BekkERS, BEscds, and Durrs, 2018). 2nd row: Vessel-
tracking in a 2D image via geodesic PDE-flows on the
lifted image (BEKKERS, 2017; CHAMBOLLE and Pock,
2019; Duits, MEESTERS, MIREBEAU, and PORTEGIES,
2018). 3rd row: CED-OS diffusion of a 3D image Durrs,
JAaNSssEN, HANNINK, and SANGUINETTI, 2016; JANSSEN,
JANSSEN, BEKKERS, BEscés, and Duirs, 2018 visualized
as a field of angular profiles.

instance, Perona-Malik diffusion has been lifted to the homoge-
neous space My (CReuseN, Duits, ViLaNOvA, and FLORACK, 2013)
and coherence enhancing diffusion (CED) (WEICKERT, 1999) has been
lifted to the method of coherence enhancing diffusion on invertible
orientation scores (CED-OS) (FRANKEN and Duirts, 2009) and to its
3D generalization (JANSSEN, JANSSEN, BEKKERS, BEsc6s, and Duirs,
2018).

PDE-flows on orientation lifts of 3D images are relevant for ap-
plications such as fiber enhancement (CReUSEN, Duits, VILANOVA,
and FLORACK, 2013; Duits, DELA HAlE, CREUSEN, and GHOSH, 2013;
Re1serT and BURKHARDT, 2008; VOGT and LELLMANN, 2018) and
fiber tracking (PORTEGIES, 2018) in diffusion-weighted magnetic reso-
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nance imaging (DW-MRI) , and in enhancement (JANSSEN, JANSSEN,
BEKKERS, BEscOs, and Duirs, 2018) and tracking (COHEN, DEFFIEUX,
DeMENE, CoHEN, and TANTER, 2018) of blood vessels in 3D images.

wORKFLOW. The general workflow is illustrated in Figure 9.1. The
original image is described by a function f : Qf — R”, where
Qs c R?is its support. From f € L2 (Q)f), one computes an
orientation lift U : My — C, compactly supported within

Q=0 xS c My. (9.1)

There are various ways to construct such a lift: it can be (the real
part of) an invertible orientation score (Duits and FRANKEN, 2010)
(cf. Figure 9.1), a channel-representation (FELSBERG, FORsSEN, and
SCHARR, 2005), a lift by Gabor wavelets (BAsPINAR, CITTI, and SARTI,
2018), or a fiber orientation density (PORTEGIES, FICK, et al., 2015).
In all of these approaches the absolute value |U(xz, n)| can be
regarded (after normalization) as a probability density of finding
a fiber structure at position 2 € R? with local orientation n € S%.
We set the orientation lift U as an initial condition of a PDE flow
U — ®;(U) with evolution time ¢ > 0. Finally, the processed multi-
orientation representation @;(U) is integrated over all orientations
to obtain the enhanced image f;. In this chapter, we will work with
the orientation score, with the main motivation being that this
operation is invertible (DuiTs, 2005), so that when taking ¢ | 0, the
output equals the input, i.e. lim;|g f; = f in the L2-sense.

TYPES OF FLOWS. The enhanced image that one obtains after run-
ning a PDE flow, (the bottom-right picture in Figure 9.1), naturally
depends on the type of flow used. One flow may be more suitable
than another, depending on the requirements imposed on the re-
sulting image. In case it is important to preserve sharp transitions
in the image, while maintaining plateaus, nonlinear flows such
as total variation flows (TVF) and mean curvature flow (MCF)
(SAPIRO, 2006) are typically more suited than nonlinear diffusion
flows such as Perona & Malik diffusion (PERONA and MALIK, 1990)
and coherence enhancing diffusion (WEICKERT, 1999).

For d = 2, TVF and MCF were recently generalized to lifted
images by CHAMBOLLE and Pock (2019) and CitT1, FRANCESCHIELLO,
SANGUINETTI, and SARTI (2016) respectively.
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Their promising results have motivated us to generalize TVF
and MCF to lifted images for general dimension d and provide
a general geometric and algorithmic framework that can accom-
modate features such as locally adaptive frames and coherence
enhancement.

OUR CONTRIBUTION. The benefits of our approach are that we
obtain a single unifying geometric and algorithmic framework for
arbitrary d, with efficient algorithms (for d € {2,3}) that preserve
crossing lines, corners, plateaus, edges and bundle boundaries
and can improve curvature adaptation via the optional inclusion
of locally adaptive frames. Such frames account for curvature of
lines and allow us to remove bias towards sampled orientations
in orientation scores.

Our PDE-methods on M are computationally more expen-
sive than their counterparts acting only on R?, but they are still
practical. Similar to crossing-preserving nonlinear diffusion on
SE(2) = My, locally adaptive frames allow us to remove orienta-
tion sampling bias in orientation scores (FRANKEN, 2008, Fig. 6.11),
and to use only 4 orientation samples (FRANKEN and Duirs, 2009).
For our crossing-preserving MCF and TVF on M, we sample our
(processed) orientation scores only on 8 orientations. On M3z we
compute regularized orientation lifts on a grid with 16 orienta-
tions, where we rely on efficient numerical schemes for PDEs on
Mj relying on the low-order PDE discretization schemes explained
in CREUSEN, Duits, ViLaNova, and FLORACK (2013) and MARTIN,
BEkkERs, and Duirs (2017), instead of higher order schemes via
spherical harmonics (JaNsseN, DELA HAJE, MARTIN, BEKKERS, and
Durrs, 2017, Ch. 3.4), in order to reduce computation time.

9.2 ORIENTATION SCORES

In order to disentangle all local orientations in an image we lift
the data from position space R” to the homogeneous space M, of
positions and orientations. This means that we extend the domain
of an image. See Fig. 9.1, where we lift the data from R towards
M, via invertible orientation scores.

Refer to §2 for
homogeneous spaces
in general and §4.4
for an in-depth
treatment of M.
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Building an orientation score starts with selecting an orientation-
sensitive filter (or wavelet) ¢ € L' N L2 (R). We can then—under
appropriate conditions (Duits, 2005; JANSSEN, JANSSEN, BEKKERS,
Bescos, and Duirs, 2018)—filter out a particular direction from
an image f € L? (R?) by convolving the image with this filter
aligned to that direction. An orientation score Wy, f can then be
constructed by applying this filtering for all directions n € S471:

Wisem = [ YRG0 &, 62)

for all x € R¥ and rotations R,, € SO(d) that map a reference axis
ae€Ston, ie Rya=n.

In this work we will be using cake wavelets (DuITs, 2005; JANSSEN,
JansseN, BEKKERS, BEscOs, and Duirts, 2018) for our filter v, illus-
trated in Figure 9.2 for d = 2. These wavelets are directional filters
that have the property that we can accurately reconstruct the orig-
inal image from the orientation score—again under appropriate
conditions—by integration over $471, i.e.

Fo) = [ WoF e dot) ©3)

where ¢ denotes the usual surface measure over S%~1. We al-
ways use standard cake wavelet parameter settings from MARTIN,
BEKKERS, and Duirs (2017) in our experiments.

The explicit formulas for these cake wavelets that allow invert-
ible orientation scores are available in BEKKERS (2017) and Duirts
(2005) and specifically for d = 3 in JANSSEN, JANSSEN, BEKKERS,
Bescds, and Duirs (2018). An intuitive illustration of an orienta-
tion score is given in Figure 9.2.

SE(d) AND THE HOMOGENEOUS SPACE M. We talked exten-
sively about SE(2) and M, in §4. As we will now also be consider-
ing the 3D case using SE(3) and M3 we will briefly introduce the
general case of SE(d) and M.

Consider the special Euclidean group in d dimensions SE(d) :=
R? > SO(d), the semi-direct product of the translation group R
and the rotation group SO(d) of orthogonal d X d matrices. We
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FIGURE 9.2: Top: cake wavelets (Duirs, 2005) for d = 2 used to
directionally filter an image and construct an orienta-
tion score. Bottom: how orientation scores disentangle
orientations

call elements of SE(d) roto-translations. The product of two roto-
translations g; = (x;, R;) in SE(d) is given by

2182 = (x1,R1) (x2,Rp) := (x1 + R1x2, R1R2), (9-4)

just like it is in 2 dimensions in (4.1) These roto-translations act
transitively on the space M, := R¥ x S9~1 by

(x,R)-(y,n) := (x + Ry, Rn), 9-5)

forall (y,n) € My := R x$9-1 and all roto-translations (x, R) €
SE(d).

We choose an a priori reference vector a € S%~1, say a = (1,0)T if
d=2ora=(0,0,1)T if d = 3. Then the stabilizer of the element
(0, a) is given by

SE(d)(0,0) = {g € SE(d) | g (0,a) = (0,a)}, (9.6)

which is isomorphic to SO(d — 1).

As we saw in §2.2, the homogeneous space is equivalent to
the partition of left cosets of a stabilizer of one if its elements.
Consequently, we have

My = RY x §41 = SE(d)/(SE(d)((),a)) .
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For d = 2, the subgroup SE(2) g 4) = {(0, )} consists only of the
unit element, and thereby the manifold M is diffeomorphic to
SE(2). However, for d > 2 the manifolds My and SE(d) are not
diffeomorphic since SE(d)(g 4) is not trivial.

For d = 3, the stabilizer can be described by

SEB)0,0) = { (0, Rea) | @ € [0,2m)},

where R, , € SO(3) denotes a (counter-clockwise) rotation over
angle a around the reference axis a. This means that two roto-
translations g1 = (x1, R1) and g2 = (x2, R2) are equivalent if and
only if

x1=x2 and Ja € [0,21) : Ry = RaRy 0.

The equivalence classes [g] = {g’ € SE(3) | g’ ~ g} are usually
just denoted by p = (x, n) as they consist of all rigid body motions
¢ = (x, R,,) that map the reference point (0, a) onto (x, ) € R3xS5?:

g-(0,a) = (x,n).

DOMAIN OF AN ORIENTATION SCORE. The orientation score is
well-defined on the domain My if we assume ¢ is not affected
under the action of subgroup SE(d)( q). For d = 3 this means
we must impose axial symmetry on the wavelets, for details see
JANSSEN, JANSSEN, BEKKERS, BEscos, and Duirs (2018).

LIE ALGEBRA. As a manifold, we can view the group SE(d) in a
standard way as a submanifold of RY x R¥?. The Lie algebra se(d)
of SE(d) has dimension D = %d(d +1). We choose a basis (A,‘)?:1 for
se(d) with the following properties. The basis is orthonormal with
respect to the inner product belonging to the standard Euclidean
metric on RY x R?*4 the vectors {A1, ..., A4} span the spatial part
of the Lie algebra, which is isomorphic to R with the vector A,
corresponding to the derivative in the direction of a. Recall that
for d = 2 the subgroup SE(d)(g 4) is trivial. For d > 3 one has that
the set {Ayg4,...,Ap} forms a basis for the stabilizer subgroup
SE(d) 0,q)- We take the convention that the Lie algebra vector A;,4
generates the in-plane rotation in the plane spanned by A; and a
fori=1,...,d-1.

For the case d = 2 this gives use two spatial generators, A; and
A, and one rotation generator Az. Moving to d = 3 we have 3
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spatial degrees of freedom and 3 rotational degrees of freedom,
but only 2 of those rotational degrees of freedom will change the
orientation, we denote the generator corresponding to the rotation
that preserves the reference axis by Ag. This gives us the following
basis:

{ A1, Ay, Ag, Ay, As, Ag }
— ——— ——
spatial generators of rotations generator of rotation
generators that move a that fixes a

As is illustrated in Fig. 9.3 for d = 3 we have a rotational degree
of freedom that does not change the orientation of the reference
axis. As a result M3 is not isomorphic to SE(3). It is rather a 5-
dimensional quotient of the 6-dimensional Lie group SE(3).

y y

A A

\ A, A n z \Afl A, n%f%
P 7
\.7/ Ayf/
As

v
v

X X

FIGURE 9.3: [llustration of the standard basis of left invariant vec-
tor fields (Al-)?:1 of SE(d) for d = 2 on the left and
d = 3 on the right, note the orientation-preserving
rotation generator Ag.

Generalizing this scheme for d > 3 we would have the following
basis for the Lie algebra:

{All sy Ad/ Ad+1/ sy AZd—l/ AZd/ cee g A%d(d.;_l)}-

spatial generators of rotations  generators of rotations
generators that move a that fix a

(co)vecToRr FIELDS. We extend the Lie algebra basis vectors to a
left-invariant vector field basis through the pushforward of the
left multiplication as per

(Ai)g = (Lg)-Ai,
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recall §2.1.
We denote the corresponding covector fields by w' € T*(SE(d)).
The covector fields are characterized in the usual manner by

w' (.Aj) = 5;, (9.7)
where 6;. denotes the Kronecker delta.

METRICS. We introduce metric tensor fields on SE(d) we will use
in terms of just the left-invariant covector fields (a)i)?zdl_ !, since
the covector fields (a)i)iD:2 ; correspond to directions that do not
change orientation.

DEFINITION 9.1 (Metric tensor fields on SE(d)) Given positive
constants Ds > 0 and D4 > 0, and a nonnegative real number
¢ > 0, we define the left-invariant metric tensor field § €
(T2 SE(d)) by

A-1 i o i 2d-1 i
wlowl | Xing W' Ow it @' Ow

gG=4 s ¢2Ds D4 =0 (9.8)
wioul | I e'ea - '
o ife=0.

We think of Ds as the speed of moving in space, where we
penalize lateral movement via the additional ¢ factor. Similarly,
D4 controls how fast we can change direction.

Observe that this sub-Riemannian metric tensor is defined (and
invertible) on a sub-bundle of the tangent bundle on the group as
it does not contain any of the covectors dual to the subbundle in-
duced by subgroup SE(d) g ). Furthermore it is spatially isotropic
orthogonal to the primary spatial direction. Also spherically we
impose isotropy in the metric as can be seen from the last term in
the above definition.

In light of our proposed metric being degenerate in the direction
of (Ag4,...,Ap) we define a subbundle for the nondegenerate
directions.
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DEFINITION 9.2 (Nondegenerate subbundle)
Tap(g) = {g € Ty(SE(d)) | w'(g) = 0 forall i = 2d, .. .,D} ,

for all g € SE(d).

SUB-RIEMANNIAN. Henceforth we refer to the ¢ = 0 case as the
sub-Riemannian case where tangent vectors are constrained to
the span of Ay, . .., Az4—1. Intuitively when ¢ | 0 the other tangent
directions get infinite cost and become prohibited. This means
that we restrict ourselves to so-called horizontal tangent vectors.

DEerINITION 9.3 (Horizontal subbundle)
Trior(g) = {g € Tap(g) j w'(g)=0foralli=1,...,d- 1} ,
for all g € SE(d).

The metric Definition 9.1 induces an associated norm in the
normal manner: if § € Typ(g), then

&llg = /95 (8, &), (9-9)

where again in the sub-Riemannian case we only allow ¢ € Tior(g).

GRADIENT & DIVERGENCE. Now that we have SE(d) equipped
with a (sub)-Riemannian metric tensor, we can derive the basic
tools that are required to formulate our geometric PDEs. These
basic tools include the gradient, its norm, and the divergence of a
vector field. Let us relabel our parameters as

Ds ifi=d,
Di=4ye¢2Ds ifl<i<d-1, (9.10)
Dy ifd+1<i<2d-1.
Let U : SE(d) — R carry the axial symmetry:

U(x,R) = U(x, Ra), (9.11)
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for some U : M = RY x59-1 - R.
Then in the Riemannian setting the gradient of a differentiable
function U : SE(d) — R on the group induced by this metric

tensor becomes
2d4-1

Vol = ) D; (Al) A;,
i=1
where the sum only runs to 24 — 1 and not to dim(SE(d)) = D =
%d(d +1) since (9.11) implies that A;0 = 0 for2d —1 < i < D.
The gradient then has the following norm

2d-1
||V9[1”§ = Z D; (Aifl)z. (9.12)
i=1
The divergence of a vector field is given by

2d-1
divg X = Z Ai0'(X)
i=1
for all X € I'(Tnp)
In the sub-Riemannian setting, where we restrict ourselves to

vector fields spanned by (Ai)?i;l, we have

2d-1
Vol = ) D; (All) A;
i=d
and
2d-1 '
divg X = Z Ai0'(X)

i=d
for all X € I'(Tigor).

9.3 LOCALLY ADAPTIVE FRAMES ON SE(d)

As an alternative to the left-invariant frame we can choose a frame
(and subsequently a metric tensor field) that is adapted to the
data, which we also refer to as gauge frames in analogy with Duirs,
JansseN, HANNINK, and SANGUINETTI (2016). Specifically, instead
of having the vector field A, as a static forward direction we want
to choose a vector field B, that locally aligns with the data. In
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particular, B, can take on a angular component, meaning the local
‘straight forward” will follow the curve of the data, consequently
flows can better follow curved structures, see Figure 9.4 for an
illustration.

Next we will present a singular value decomposition of the Hes-
sian. We will choose the eigenvector associated with the smallest
eigenvalue as B;. Geometrically, this can be seen as the direc-
tion in which the gradient changes the least. This procedure is
formulated in terms of the exponential curves from §2.1.

DEFINITION 9.4 (Main gauge vector.) We define (Bg), €
Tnp(g) for all g € SE(d) by

. s 2
(Ba)g = grgmm”Hess ue,-) o
$€Tnn(g),
l181lg=1
(4 - 1P
= arg min (E) [(Lgexp(_tg)gq) Vgu(gexp(tg))] ,
$€Tnp(8) 0 ¥ S

181lg=1

where exp = expg, is the Lie group exponential map of

SE(d) and where we assume that U is such that we have a
unique minimizer.

Recall the definition of the Hessian from §1.9.
MATRIX FORM. Writing the tangent vector in terms of the local

left invariant frame as ¢ = 2?51_ Lol (A)) ¢ € T(8) lets us write out
the Hessian as follows:

(Bd)g = argmin
$<nn(g), =1

l1glls=1
2
2d-1 2d-1 } _
= arg min Z D; Z I (A])g (A;U) (9.13)
¢€nn(g) =1 j=1

181lg=1
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We can induce an
entire frame in SE(d)
from a choice of main
vector, see DuITs,
JANSSEN, HANNINK,
and SANGUINETTI
(2016, App. A) for
details. In this
chapter we will focus
on the method by
which the main gauge
vector is obtained.
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FIGURE 9.4: [llustrating gauge frame fitting in SE(2). Top: left in-
variant frame, the red line indicates the exponential
curve associated with A,. Bottom: we choose a frame
that takes into account the local curvature, here the
green line indicates the exponential curve associated

with B,.

We can write this problem in terms of matrices by defining the

following:

§= (31,22, . ,gZd—l)T’

M:diag(\/D_,\/D_,...,\/Dzd_l),

K=K(@)], = [4), (4, T)]
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with 7 as row index and j as column index.
Using these the objective function in (9.13) becomes

(MKg)" (MKg) = g"KTM?Kg, (9-14)
which we want to minimize under the constraint
2d-1 ( 5i\2
Y (&)
= Di
Taking the derivative of the Lagrangian of this convex optimiza-

tion problem gives us optimality under the following condition
A eR):

= [m2g] = 1. (9-15)

K'M?Kg = AM™%g &= M?K'M?Kg = Ag, (9.16)

i.e. g needs to be an eigenvector of the matrix M?K? M2K with
eigenvalue A (serving as the Lagrangian multiplier). If for a mo-
ment we rewrite (9.16) as

(MKM)T (MKM) (M—lg) -1 (M_lg') , (9.17)

we see that A is indeed real since (MKM)" (MKM) is symmet-
ric. With this eigenvalue and vector the objective function (9.14)
evaluates to

g KTM?*Kg = g" M—2M*K" M?Kg
=g' Mg
=Ag"M™2g
= Mgl = A,
This last equation incidentally proves that M?>KT MK is positive
semi-definite and, more importantly, that to minimize the change

in gradient we need to look at the eigenvector belonging to the
smallest eigenvalue.

REGULARIZATION. In practice, we do not immediately calculate
the eigenvectors and eigenvalues from the scheme we have just
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proposed, but for the purpose of stability we first apply a compo-
nentwise Gaussian smoothing on the matrix K as follows:

12|g = (G*K)(x,Ry,)

= /Rd /Sd_l G (x =Y, Rfm) K|(y,R,,,) do(m)dy,

with the usual surface measure o on $~! and with the smoothing

kernel
d d-1
G(y,m) =Gy (0,y)- G5, (a,m),

where Gg/f is the heat kernel on the Riemannian manifold M with
time/scale p > 0, the spatial kernel is centered on 0 € R and the
orientation kernel is centered on the reference direction a € S9-1.

ISOTROPIC SMOOTHING. It is important in the context of M, to
choose diffusion that is isotropic spatially (with time/scale p;)
and spherically (with time/scale p,) since this is the only diffu-
sion that commutes with the left-invariant vector fields. Note that
Gﬁd (0, y) depends only on ||y|| and Gf,j_l(a, m) depends only on
arccos (a - m) making G(y, m) the heat kernel on the product man-
ifold R¢ x $%-1. This smoothing method is a variant on the one
used in DurTs, JaANssEN, HANNINK, and SANGUINETTI (2016).

COMPLETING THE FRAME. The remaining basis vectors are de-
termined by considering a rotation that maps (Aq4), to (B4), and
then applying a specific rotation to the remaining (A;), that keeps
the remaining spatial generators spatial. For an illustration see
Figure 9.4. How this rotation is chosen and applied is detailed in
Duirs, JANssEN, HANNINK, and SANGUINETTI (2016, App. B).

GAUGE METRIC. Having determined a data adaptive frame (B;)2; "
(induced by By, recall Figure 9.4), we equip it with the following
straightforward metric, where again we rely on the corresponding

dual frame (ﬁl)lzil_ ' ¢ I(T*(SE(d))) given by

BI(B)) = 0.
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DEerFINITION 9.5 (Gauge metric) We define the gauge metric
tensor field J € T (TO2(SE(d))) as

2d-1

J=) pep.
i=1

Which induces a norm on ¢ € T, (SE(d)):

18lly = s (&, &),

a gradient on U € C! (SE(d)):

with norm
2d-1

~ 112 ~\2
Ivatilly = > (B:00)°,
i=1
and finally gives the divergence of a vector field X € I'(T(SE(d)))

as:
2d-1

divgX = ) B, (5i(X)) ,
i=1

which means that if we apply it to a vector field expressed in the
gauge frame as X = Z?il_l X'B; we have:

2d-1 ‘
divy X = " B;X".
i=1

9.4 COHERENCE ENHANCEMENT

Coherence enhancing diffusion is a well-known technique for
image enhancement (WEICKERT, 1999). It is intended for line am-
plification rather than strictly denoising. Crossing-preserving ver-
sions on My have been developed (Durrs, JaNsseN, HANNINK, and
SANGUINETTI, 2016) and evaluated for denoising. Here, crossing
lines are well-enhanced but plateaus and boundaries of line struc-
tures are damaged. Therefore we propose to include the coherence
enhancement technique into TV and MC flows.
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Next we explain how this coherence enhancement operator is
constructed from an orientation confidence map.

In R3, orientation confidence is calculated by the Laplacian in
the subspace orthogonal to the line structure. We can take a similar
approach in M, by taking the Laplacian in the space spanned by
(Ai)%‘:il_} L4+ Recall that A is implicitly aligned with the local line
structure along n € S%~1. In the gauge-frame setting B, is explicitly
aligned with the line structure (see Figure 9.4) and therefore we
take the Laplacian in the span of (Bi)?fi L i

In the sub-Riemannian case ¢ = 0 this just reduces to the second
derivatives in the (d — 1)-dimensional spaces spanned by (Ai)f’i;}rl
and (Bi)%‘:i;lll respectively. With that in mind we define orientation

confidence in SE(d) as follows.

ORIENTATION CONFIDENCE. Let U : SE(d) — R, then in the
left-invariant case we define

2d-1
Cu(g) = Z Di (A)g (A:D)], (9.18)
i=1,i#d
or
2d-1
Cace(®)=| >, (Big (BlI)|. (9-19)
i=1,i#d

in the gauge-frame case.

Note that the B;’s are normalized with respect to the old metric
from Definition 9.1 and as such the parameters D; are still included
in (9.19). In the case that By is aligned with A; we have B; =
VD;A; and (9.18) and (9.19) coincide.

DEFINITION 9.6 (Isotropy factor) Let ¢ > 0be a chosen scaling
constant, then the isotropy factor is defined as:

aa(g) = e_%cil(g),

with Cy; defined by (9.18) respectively (9.19).

What is convenient about this quantity is that it gives a number
in the range (0, 1] with a number close to zero indicating a high



9.5 DESCENDING TO THE HOMOGENEOUS SPACE

degree of anisotropy and a 1 indicating perfect isotropy. This is
the quantity that we can use to steer flow.

The choice of c controls how steep the decline of the isotropy
factor is. Its appropriate value depends on the application and
on exactly how the data is represented numerically (normalized
to [0, 1] in our case) and is best determined heuristically or by
histogram. For our experiments we have used ¢ = 0.2.

COHERENCE ENHANCEMENT. Using this scalar function a7 on the
group SE(d), we can locally modify vectors based on how certain
we are the data is locally aligned. We refer to this modification of
vector fields as coherence enhancement, as in coherence enhancing
diffusion (FRANKEN and Duirs, 2009). Tangent vectors (such as the
gradient as we will see) are modified as follows. Let X be a vector
field on SE(d), then the coherence enhanced vector field is given

as
2d-1

Eg(X) = 0¥(X) Ag + ag Z 0¥ (X)A;, (9.20)
i
for the left-invariant geometry and as

2d-1
Ej(X) = p(X)Ba +ag Y p(X) B (9-21)
i
and for the gauge geometry.
Intuitively, these linear operators Eg, Ej : T(SE(d)) — T(SE(d))
preserve the magnitude of the vector in the main direction and

weaken it orthogonal to the main direction if we are certain the
data is locally aligned to the main direction.

9.5 DESCENDING TO THE HOMOGENEOUS SPACE

So far we have developed two distinct geometries on the group
SE(d) that are summarized in Table 9.1. We can bring these ge-
ometries down to the homogeneous space M by considering the
natural extension of functions and vector fields on M, to SE(d).
Consider a function U € C®(My), then the function U, given by

U(g) = U(x,R) := U(x, Ra) (9.22)
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for all ¢ = (x, R) € SE(d), is its natural extension to SE(d) and is

clearly also smooth. Similarly, a tangent vector field X € I'(T(SE(d)))

can be extended to a tangent vector field X € I'(TMy) as follows:
(XU) (g) = (XU) (x,R) := (XU) (x, Ra), (9.23)

under the additional constraint that X vanishes in the direction

induced by the subgroup SE(d)(,q), i.e. for all i > 2d we have

@'(X) = 0, this extension is unique.

Having extended functions and vector fields upward to the
group, we can apply the tools from Table 9.1 to them and subse-
quently project the results back to the homogeneous space by the
mapping (x, R) — (x, Ra). This mapping is not injective. Never-
theless, thanks to the metrics from Definition 9.1 and 9.5 being
laterally and spherically isotropic and the way we extend functions
to the group by (9.22) and (9.23), all the tools we list in Table 9.2
are well-defined on Mj.

Choice of geometry Left-invariant Gauge
Frame .Al, .Az, e ,.Azd_l fB], fBz, ey BZd—l
Co-frame ol @?, ..., w1 ,81, ,6’2, .. ,,82d‘1
Metric tensor S d
Gradient V Vg, Vj
Divergence div (Riemannian) ZM L A; o o ZZd 1B 0 B
Divergence div (sub-Riemannian) 22‘1 LA o ! ZZd 1B, o B
Norm ||-[ -1l -1l
Volume form dfi WA AL gL A B2 A A g2

VDsVDsDa

TaBLE 9.1: We formulate our PDEs independently of our choice
of frame and metric and then apply it to both the left-
invariant and gauge geometries.

NONINJECTIVITY. While the choice of mapping 1 € S~ > R, €
SO(d) does not matter for the final result, a choice does have to
be made for an implementation when d > 3. The most straight-
forward manner is selecting that R,, which is an in-plane rotation,
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My tools Left-invariant Gauge
VU(x,n) = (Vo) (x, Ry) (VaU) (x, Ry)
X, V| = Stk (X,Y) Jix ) (X,Y)
Xy, = %1 |1,
(div X) (x,n) = (divg X) (x, Ry) (divy X) (x, Ry)
du(x,n) = dfig (x, Rn) diig (x, Ry)
(EX) (x,n) (EsX) (x,Ry) (EsX) (x, Ry)

TABLE 9.2: The two geometries we developed on SE(d) can be nat-
urally applied to the homogeneous space M, using the
natural extension of scalar functions (9.22) and vector
fields (9.23). These objects are well defined despite the
non-injective mapping used since the choice of partic-
ular R, € SE(d) that maps a € S ton € S%~1 does
not affect any of them.

meaning the plane of rotation is spanned by a € S*!and n € S%°1.

In the two cases where this is not possible (i.e. n = +a) we pick
R; =0and R_; = R, ,n, where Re,n denotes the rotation around
the axis e, by an angle 7. Concretely the in-plane rotation in 3D
is given in terms of the ZYZ-Euler angles «, 8, y by requiring that
a = =y, which gives the mapping

n— Rez,—aRey,ﬁRez,az (924)
for the unique a € [0,2n) and p € (0, ) so that the resulting

rotation maps a to n.
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On R" the formulation of total variation is built on the identity
div(fX) = f div(X) + Vf - X. Similarly on M; we have:

div(UX) = U div(X) + dU (X)
= U div(X) + (VU, X)y, - (9-25)
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From the last equation we deduce the following integration by
parts formula:

[ ut) divxeaue) = [ (v, X)), dutp), ©:26)
Q Q

for all U € C!(Q) and all smooth vector fields X vanishing at the
boundary JQ. This formula allows us to build a weak formulation
of TVF on My starting from functions of bounded variation (BV)
(AmMBRrosio, GHEZzzI, and MAGNANI, 2015).

DEerINITION 9.7 (Weak formulation of TV on M) Lete > 0.
Let U € LY(Q), recall (9.1). Let xo(Q2) denote the vector space
of smooth vector fields that vanish at the boundary dQ and
let ¢ > 0. Then we define

TV.U) = sup /Q £ 9(p) + U(p) div(X)(p) du(p).
PeCr(Q)
Xexo(Q)

IX(P)IE+y(p)P<1

(9-27)
If TVo(U) < oo we say that U € BV(Q).

For all U € BV(Q) we have
TVo(U) < TV (U) < TVo(U) + €|Q].

Recall the sub-Riemannian setting, and recall the notion of hor-
izontal tangent vectors from Definition 9.3. So (9.27) also covers
the sub-Riemannian setting, i.e. ¢ = 0, when setting

§,(X,, X if X, is horizontal ,
||Xp||9={ P Xp) 18Xy 929)

00 else,

for any tangent vector X, € T,M;.
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LEMMA 9.1 Let ¢ > 0. For U € C'(Q, R) we have

VW= [ JIVUGIE,+ 4. ©29)

Furthermore for U € C2(M,, R) and ¢, ¢ > 0 we have that

vu
JIVUIR, + ¢2

Proof. First we substitute (9.26) into (9.27), then we apply Gauss’s
theorem and use UX|;q = 0. Then we apply Cauchy-Schwarz on
Vy := R X T,My for each p € My, with inner product

dTV.(U)=divo

(€1, X) - (€2, Y) = €12+ (X, V), ,

which holds with equality iff the vectors are linearly dependent.

Therefore we smoothly approximate

1
[2+ IVUI?,

by (1, X) one obtains (9.29).
For U € C%(Q,R), 6 € C=(Q, R) we obtain

(e,VU)

TV.(U + h8) - TV, (U)

(aTVg(U), 6)L2(Q) = lim

) h
‘ vu
(926) divo| ————1, 6 ,
[ 2 2
||VU||Md +¢ o)
and the result follows. O

For vector fields X on My define the regularized norm:

X1, = AJIXIEy, + €2 (9-30)

This is a common way to regularize denominators and we will
use Section 9.8 to prove that this approach converges for ¢ — 0.
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Now we propose the following roto-translation equivariant

enhancement PDE on Q c My, recall (9.1).

DEFINITION 9.8 (Equivariant enhancement PDE) Given U €
BV (Q) with ¢ > 0 then we call W¢ : My X Rsp — R (being

smooth) obeying

VWE(, t)
IVWe(, £

W (p, ) = IVWe(p, DI div(

VraWe(p,t)-N(x) =0

forallp = (x,n) €dQ, t >0,

We(p,0) =U(p) forallp € Q,

the gradient flow started at U with evolution time ¢ > 0 and
parameters a,b € {0,1}. Here we use Neumann boundary
conditions with N(x) as the normal to the spatial boundary

atx € Qf.

The coherence enhancement version of this PDE is given by

replacing div by div oE, recall (9.20) and (9.21):

IW¢
ot

VI, B)
IVWe(, ]2

(p, ) = IVW:(p, Iy divoE

VARIANTS. This PDE system on the homogeneous space M, has
two versions depending on whether one chooses the left invariant

or gauge geometry as outlined in Table 9.1 and 9.2.
We then have the following cases:

e For (a,b) = (1,1) we arrive at mean curvature flow, studied
for d = 2 in C1TTI, FRANCESCHIELLO, SANGUINETTI, and SARTI

(2016).

e For (a,b) = (0,1) we arrive at total variation flow, studied for

d = 2 in CHAMBOLLE and Pock (2019).
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e For (a,b) = (0,0) we arrive at a linear diffusion for which exact
smooth solutions exist for both d = 2 and d = 3 PORTEGIES
and DuiTs (2017).

IN TERMS OF CURVATURE. By the product rule (9.25) the right-
hand side of (9.31) for ¢ | 0 becomes
IW?

—p = IVWOITP AW +2b % [VWOIE, - (9.32)

with the mean curvature x[(p, t) of the level set
{9 € My | WO(q,t)=W'(p, 1)},

akin to SAPIRO (2006, Ch. 3.2), and with (possibly hypo-elliptic)
Laplacian A = divoV.

LACK OF REGULARITY. For MCF and TVF smooth solutions to
the PDE (9.31) exist only under special circumstances. This lack of
regularity is an advantage in image processing to preserve step-
edges and plateaus in images, yet it forces us to define a concept
of weak solutions. Here, we distinguish between MCF and TVEF:

For MCF one relies on viscosity solution theory developed by
Evans and Spruck (1991), see also GiGa and SaTo (1991) and SaTo
(1992) for the case of MCF with Neumann boundary conditions.
In CrTTI, FRANCESCHIELLO, SANGUINETTI, and SARTI (2016, Thm 3.6)
existence of C!-viscosity solutions is shown for d = 2.

For TVF we will rely on gradient flow theory by AmBRrosio,
GiGL1, and SAVARE (2005) and BREZIS (1973).

SUB-RIEMANNIAN CONVERGENCE. In this work we do not ad-
dress convergence of our PDE-solutions in the sub-Riemannian
setting ¢ | 0, and we only focus on convergence results for ¢ | 0. In
previous work—Dby others—convergence to the sub-Riemannian
setting is addressed for special cases. For the special case (a,b) =
(0,0) convergence of the solutions with respect to ¢ | 0 is clear
from the exact solutions see PORTEGIES and Duits (2017, Ch. 2.7).
For such convergence in the challenging case (a, b) = (1,1) (MCEF),
see BAsPINAR (2018) and CitT1, FRANCESCHIELLO, SANGUINETTI, and
SARTI (2016). For Eikonal PDEs convergence of viscosity solutions
towards the sub-Riemannian setting holds as well, see Duirs,
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MEESTERS, MIREBEAU, and PORTEGIES (2018, Thm. 2). It is there-
fore interesting to see if convergence results towards the sub-
Riemannian setting hold for the general case including the TVF
case, but this falls outside the scope of this work. In Section 9.8
we only focus on convergence results for ¢ | 0 for ¢ > 0 fixed.

9.7 NUMERICS

We implemented the PDE system (9.31) by Euler forward time
discretization, relying on standard B-spline or linear interpolation
techniques for derivatives in the underlying tools on M, given by
Table 9.2. For details see CREUSEN, DuiTs, ViLANOVA, and FLORACK
(2013) and FRANKEN and Duirts (2009). Also, the explicit upper
bounds for stable choices of stepsizes can be derived by the Ger-
shgorin circle theorem.

For d = 2 the discretization is straightforward (FRANKEN and
Duits, 2009), for d = 3 we discretized per CREUSEN, Duirts, ViI-
LANOVA, and FLORACK (2013) in the software package Lie Analysis
for Mathematica developed by MARTIN, BEKKERS, and Duirs (2017),
to our PDEs of interest (9.31) on Mj.

The Euler-forward discretizations are not unconditionally sta-
ble. For a = b = 0, the Gershgorin circle theorem (CREUSEN, DurTs,
ViLaNova, and FLORACK, 2013, Ch. 4.2) gives the stability bound

(d=1)Da+Ds (d=1)Ds -1

At < (At)crit = 2 th
a

when using linear interpolation with spatial stepsize / and an-
gular stepsize h,. In our experiments, for d = 2 we set h = 1 and
for d = 3 we took h, = 7 using an almost uniform spherical
sampling from a tessellated isocahedron with N4 = 162 points.
TVF required smaller times steps when ¢ decreases. Keeping in
mind (9.32) but then applying the product rule (9.25) to the case
0 < ¢ < 1, we concentrate on the first term as it is of order ¢!
when the gradient vanishes. Then we find At < ¢ - (At).it for TVE.
For MCF we do not have this limitation.

While both the quantitative and qualitative results of our pro-
posed methods are encouraging we have to end our numerics
section mentioning the computational cost. In Table 9.3 we sum-
marize the relative computational time of our methods versus
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spatial Perona-Malik, this summary shows our methods being sev-
eral orders of magnitude slower. In the interest of fairness we
need to add that benchmarking our prototype Mathematica im-
plementation against the built-in Perona-Malik implementation
is not a fair comparison, we are confident that an optimized na-
tive implementation would fare much better in a performance
comparison.

Method Relative computational time
Perona-Malik 2D 1.0
Left-invariant MCF 88.8
Left-invariant TVF 60.4
Gauge MCF 149.1
Gauge TVF 123.6

TABLE 9.3: Relative computational time needed by our methods
relative to spatial Perona-Malik for the denoising re-
sults in Figure 9.10. The Perona-Malik implementation
is built-in while ours is a naively implemented proof-
of-concept, hence the benchmark is not comparing
optimized implementation against optimized imple-
mentation.

9.8 GRADIENT FLOW & CONVERGENCE

In this section we provide a gradient flow formulation that we
will use to prove the convergence of our regularization scheme
for TVF. The reader who is more interested in the experimental
results than the technical convergence results can safely choose to
skip this section and continue reading Section 9.10.

PRELIMINARIES. The total variation flow can be seen as a gradient
flow of a lower-semicontinuous, convex functional in a Hilbert
space, as we explain next. If F : H — [0, 0] is a proper (i.e.
not everywhere equal to infinity), lower semicontinuous, convex
functional on a Hilbert space H (not to be confused with the
subgroup H above, as we will not need the subgroup anymore
we will stick with convention and use H for the Hilbert space

207



208

TOTAL VARIATION & MEAN CURVATURE DENOISING

from now on), the subdifferential of F in a point u in the finiteness
domain of F is defined as

OF (u) = {z €H ‘ (z,0 - )y < F(v) — F(u) for all v € H} .

The subdifferential is closed and convex, and thereby it has an
element of minimal norm, called “the gradient of F in u” denoted
by grad F(u). Let up € H be in the closure of the finiteness domain
of F. As per Brezis-Komura theory (AMBROSIO, GIGLI, and SAVARE,
2005, Thm. 2.4.15) there is a unique locally absolutely continuous
curve u : [0, 00) — H such that

u'(t) = —grad F(u(t))

for a.e. t > 0 and lim;jgu(t) = up. We call u : [0,00) — H the
gradient flow of F starting at u.

Recall the definition of Qin (9.1), then the function TV, : L*(Q) —
[0, o] is lower-semicontinuous and convex for every € > 0. This
allows us to generalize solutions to the PDE (9.31) as follows:

DErFINITION 9.9 Let U € E := BV(Q) N L%(Q2). We define by
t — We€(-,t) the gradient flow of TV, starting at U.

A functional @ : H — (—o0, 0] is said to be A-convex for some
AeRif

A
o () - 5 ull?

is convex. In that case, the functional
A
o @) - 5 = o

is convex as well, for arbitrary v € H, because the latter functional
deviates from the first by an affine functional.

We first prove a stability estimate for the minimization of 1/7-
convex functionals.

LemmA 9.2 (Convex stability) Let t > 0. If a functional
® : H — (—co,0] on H is 1/7-convex, and u* is its unique
minimizer, then for all u € H,

1
Sl = wl? < ®u) - D).
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This lemma is an extension of a standard result regarding strongly
convex functionals—see, e.g. NESTEROV (2013, Thm. 2.1.7)—but
with no assumptions on differentiability.

Proof. The functional ¥ : H — (—o0, 00] given by
* 1 *12
W) = 0(u) = P@’) — o lju —u’ll

is convex. It is sufficient to show that W is nonnegative. If it were
not, there would exist a v € H such that W(v) < 0. We will show
that then, for t small enough, ®(tv + (1 — t)u*) < ®(u*), contra-
dicting that u* is a minimizer. We first have by definition that, for
te(0,1),

2
o= llo - |
=W(tv + (1 —t)u”).

D(tv+ (1 —Hu*) — d(u*) —

By the convexity of W,

Y(to+(1-t)u") < tW(v) + (1 - H)P(u")
= tW(v).

Combining the two inequalities, we find
O(tv + (1 - Hu') — d(u*) < tP(v) + O(t?),

so that indeed, for t small enough, ®(tv + (1 — t)u*) < d(u*),
leading to the announced contradiction.
Therefore, W is nonnegative, which means that

1
—lu—u*|* < D) - O(u")
2T

forall u € H. O

For a proper (i.e. not everywhere equal to o), lower semicon-
tinuous, convex functional F, and 7 > 0, define the so-called
(RockAFELLAR and WETS, 2009) proximal operator Jf : H — H by

JE[10] = arg min (==l — ol + F(u) .

ueH 2t
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LEmMMA 9.3 (Gradient flow estimate) Let 6 > OandletF,G :
H — [0, o] be two non-negative, proper, lower semicontinu-
ous, convex functionals on a Hilbert space H, such that for all
u€H,

F(u)—06 < G(u) < F(u) + 0. (9-33)

Let up, vg € H, such that
|0F|(ug) <L and [dG](vp) < L. (9-34)

Then, we have the following estimate for the gradient flow
u : [0,00) — H of F starting at 1o and the gradient flow v :
[0, 00) — H of G starting at vp:

5
() = o(D)]] < 4ot + ||lug — vo| for0<t <4

8VLSE2 + [lug — vol|  for t > 5.

Proof. Let T > 0 and let uf := JF[up] and vlc := JS[vg]. Set also
Uf := JF[vg] and ulc := JS[up]. Then, using the definition of vf in
the second inequality below, we find

1
5= Iof = ool + G(f)
(9.33) 1
< —
2T

1. ¢ 2 G
< E”Ul - vol|* + F(v7) + 0

||vllT —Uo||2 +F(Uf) +0

(9.33) 1
< —T||vf — ool + G(vlc) + 20.

Because the functional

1
v —|lv- vol|2 + G(v)
27

is 1/7-convex, it follows by Lemma 9.2 that

1
EHU{ - 01G||2 < 26.

Now we use that ]f is non-expansive (AmMBRoOsIO, GIGLI, and

SAVARE, 2005, Eq. 4.0.2), so

F__F F F
lluy = oy Il = [1Jz (o) = Jz (wo)ll < [luo = wol|l-
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We conclude that
lug = o7 I < llug — voll +2Vor.
By iterating this estimate, we derive
1G5 [0l = )" Toolll < lluo = voll +2nVor. (9-35)

The a priori estimate (AMBROSIO, GIGLI, and SAVARE, 2005, Thm. 4.0.4(v))
yields that the gradient flows u and v of F and G respectively are

approximated well by ( tF/n)” [uo] and (] Sn)” [v0]. More precisely,

fort > 0 and n > 0, the a priori estimate gives

Lt Lt
|< — < —.
\V2n \V2n
By these a priori estimates and the estimate for the discrete flows
(9.35), we see that

lu(t) = o8}l < u() = GF,)" Lol + o (®) = GF,)" o]
+1GE,) o] = U5, ool

t ot
< V2L= + 214 = + Jug — vol-
n n

To derive the final estimates, we need to make good choices for n.
If0 <t < 8/L? we take n = 1 and obtain

[|uct) = G5 and [jo(t) - (J°)"|

lu(t) — o(H)|| < V2Lt +2V5t + |Jug — vo|
< 4Vt + ||lug — voll.

If t > 5/L%, we choose n = [L?/3(t/5)'/3], which is larger than or
equal to 2. In that case,

nj2<n-1<L¥3t)6)'? < n.
We then obtain

lu(t) = o)l < 8L + |lug — vo.
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We now know that the gradient flows of F and G are close when
the slopes |dF|(u9) and |dG|(vg) are bounded. This assumption
can be rather stringent. We will relax it, and merely require that
F(up) and G(vp) are bounded by some constant E > 0, in exchange
for a bound between gradient flows that is slightly worse. Our
approach will be to run the gradient flow for a small time s from
up and vg, and use the regularizing property of the gradient flow
to conclude a slope bound. On the other hand, if s is small, u(s)
and v(s) will be close to 1y and vg. We will then choose s (almost)
optimally to derive a bound between the gradient flows.

9.9 STRONG LZ-CONVERGENCE OF TV-FLOWS

We prove the convergence, stability and accuracy of TV-flows by
considering them as the gradient flows of the family of functionals
TV,. The theory of contraction semigroups (AMBROSsIO, GIGLI, and
SAVARE, 2005, Ch. 4) will allow us to show that as ¢ — 0 the
gradient flow of TV, converges to the gradient flow of TV in the
L? sense.

THEOREM 9.4 (Gradient flow convergence) Let F : H — [0, o]
and G : H — [0, o] be two proper, lower semicontinuous,
convex functionals on a Hilbert space H, such that

Flu)—6 <G(u) <F(u)+0o

forallu € H. Letug, vy € H be such that F(ug) < E and G(vg) <
E and ||jup — u*|| £ M and ||vg — v*|| < M, for some constants
E,M > 0, where u* and v* minimize F and G respectively.
Then the gradient flow u : [0, c0) — H of F starting at 1, and
the gradient flow v : [0, 00) — H of G starting at v satisfy

llu(t) = o(t)|| < 16(MES5t*)Y> + ||lug — vol|
forall0 <t < ECM®/5°.

Proof. By the evolution variational inequality (AMBROSIO, GIGLI, and
SAVARE, 2005, Thm. 4.0.4(iii)), we know that for all s > 0

[lu(s) = uoll < v2sF(uo)
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and
llo(s) — voll < V25G(vo).

By the regularizing property (AMBROSIO, GIGLI, and SAVARE,
2005, Thm. 4.0.4(ii)),

1 . M
OF|(u(s) < < lluo =l < = 9:372)

and 1 M
9GI((s)) < ~llog =o'l < = 937b)

where u* minimizes F and v* minimizes G.
Because the gradient flow is a non-expansive semigroup (Am-
BROSIO, GIGLI, and SAVARE, 2005, Thm. 4.0.4(iv)), we obtain

lu(t) — ol < [Jult +5) — ot + )| + [Jut +s) —u(t)]l
+lo(t +5) — o)
< [Ju(t +s) — ot +s)|| + [lu(s) — uoll
+ |lo(s) = voll.
Now assume t < E®M®/5°. We will want to choose s (almost)
optimally, depending on t. We choose
M2/552/544/5
- F3/5

and note that with L := M /s, we have

0
tZE.

By the slope estimates (9.37) we can apply Lemma 9.3 to the gra-
dient flows starting at #(s) and v(s), to obtain
lu(t) = o(t)ll < 8M'Ps7 3622 4 lu(s) = v(s)||
+[[u(s) — uoll + [lo(s) - vol|
< 8M 371334213 4 2 lu(s) — up|

+2||v(s) = voll + [luo — voll

(9.36)
< 8M3s71351342/3 L \B2SE + ||lug — vo|

= 16MP5YPt25EYS 4 |lug — o).
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If, for the general result of Theorem 9.4, we take F = TV, G =
TV, and 6 = ¢ |Q| we obtain the following result.

COROLLARY 9.5 (Strong L2-convergence, stability and accuracy
of TV-flows) Let U € L*(Q) and let W¢ be the gradient flow
of TV, starting at U and ¢,¢ > 0. Let t > 0. Let 6 = ¢|Q|, then

1%1 We, 1) =W, t) in L*Q).
&

More precisely, for all U € BV(Q), E > TVo(U) + 6, M > ||U]||
and 0 < t < E®M®/6° we have that

1
IWEC, 8) = WOC, Dl < 16(MESH)”.

9.10 EXPERIMENTS

In our experiments, we aim to enhance contour and fiber trajec-
tories in medical images and to remove noise. Lifting the image
f: R? — R towards its orientation lift U : My — R defined on the
space of positions and orientations M = R% 554-1 preserves cross-
ings (FRANKEN and Duirs, 2009) and avoids leakage of wavefronts
(Dutts, MEESTERS, MIREBEAU, and PORTEGIES, 2018).

For our experiments for d = 3 the initial condition U : Mz — R*
is a fiber orientation density function (FODF) obtained from DW-MRI
data (PorTEGIES, FICK, et al., 2015).

For our experiments for 4 = 2 the initial condition U is an
invertible orientation score (OS) that we sampled on 8 equidistant
orientations.

For both d = 2 and d = 3 we show the advantages of TVF and
MCEF over crossing-preserving diffusion flows (CREUSEN, Duirts,
ViLaNova, and FLORACK, 2013; FRANKEN and Duirs, 2009) on M.

Finally, we include denoising experiments where we show qual-
itative and quantitative results where comparison with the well-
known denoising technique BM3D (DaBov, Foi, KATKOVNIK, and
EG1azARIAN, 2007) show advantages and good results.
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IMAGE ENHANCEMENT & DENOISING. In accordance with the
workflow in Figure 9.1 we go through the following steps:

f = W‘/}f — (Dt ] Wlpf Lrd fta = Wf/i ] CI)t o W¢f (938)

N /S1 ®,(Wy ), 1) duus ().

for t > 0. With respect to the final step we recall that we use
cake wavelets that allow for sharp approximate reconstruction by
integration over angles only. Here U +— W(-, t) = ®;(U) denotes
the flow operator on M, (9.31). Hence the initial condition for
our TVF/MCEF-PDE (9.31) is set by an orientation score of image
f:R* - R given by (9.2).

We refer to the different methods we experimented with, by the
following terms.

e MCF:weset(a,b)=(1,1).

e TVF:weset(a,b)=(0,1).

* Left invariant: we use the left-invariant geometry as per the
first column of Table 9.1.

¢ Gauge: we use the locally-adaptive-frames geometry as per
the second column of Table 9.1.

e Isotropic: we set e = 1.

* Anisotropic: we set ¢ = 0.25.

* With coherence enhancement: we use the PDE with the E op-
erator as per (9.31).

So that isotropic gauge TVF with coherence enhancement for exam-
ple would equate to setting (a,b) = (0,1), ¢ = 1, includes the E
operator in the PDE and uses the second column of Table 9.1 to
define our geometrical objects.

For quantitative comparison we will look at relative L! and L2
errors, meaning if we have a (clean) source image fsource and a
denoised image f; that has been processed to time t we calculate
the relative error as:

||ft - fsource”

| fsourcell

with the corresponding L! or L2 norm.
We will test against two types of noise: Gaussian and correlated.
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GAUSSIAN NOISE. We apply Gaussian noise with standard devi-
ation 0.2 to our normalized (to [0, 1]) source image, the original
and noisy images are shown in Figure 9.8a respectively 9.8b.

0.26¢
0.24f
0.22} |
0.20f

0.18¢

L, error

0.16¢

0.141

0.12f, . . \ . .

0.301

0.25

L, error

0.201

0.15

Time
—— Perona-Malik2D ----- Left Invariant MCF —— Gauge MCF
————— Left Invariant TVF —— Gauge TVF

FIGURE 9.5: Isotropic (¢ = 1) evolution of relative L' and L? errors
over time of the collagen image with Gaussian noise
benchmarked against spatial Perona-Malik. Remain-
ing parameters are Ds =1, D4 = .01 and ¢ = .001

In Figure 9.5 we show how the errors progress with ¢ > 0 for the
isotropic (e = 1) case without coherence enhancement (i.e. without
E). For comparison we plot the same error with spatial Perona-
Malik. While Perona-Malik is clearly more stable and resilient to
over-smoothing, both our proposed methods have much smaller
minimal errors.
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TIMESCALE INTERPRETATION. The different methods work on
different timescales, we scale these to be able to plot the results
together but no meaning should be attributed to one method
obtaining a minimum earlier than another. The error graphs just
show:

* how large the minimal error is and
* how fast the image deteriorates after this minimum has been
reached.

0.12F,

0.30

0.25¢

L, error

0.20f

0.15}

0 5 10 15 20 25
Time
—— Perona-Malik2D ----- Left Invariant MCF  —— Gauge MCF
Left Invariant TVF Gauge TVF

FIGURE 9.6: Anisotropic (¢ = .25) evolution of relative L! and L2
errors over time of the collagen image with Gaussian
noise benchmarked against spatial Perona-Malik. Run
with parameters Ds = 1, D4 = .01 and ¢ = .001. The
resulting errors are slightly worse than the isotropic
setup from Figure 9.5
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In our next experiment we increase anisotropy by setting ¢ = .25,
the resulting errors are plotted in Figure 9.6. We gain no improve-
ment in minimal error while requiring more computational cycles
to reach the minimum, from which we conclude that for this ap-
plication isotropic processing is more desirable.

L, error

Time

L, error

0 2 4 6 8 10
Time
—— Perona-Malik2D ----- Left Invariant MCF —— Gauge MCF
————— Left Invariant TVF —— Gauge TVF

FIGURE 9.7: Isotropic with coherence enhancement evolution of relative
L! and L?2 errors over time of the collagen image with Gaus-
sian noise benchmarked against spatial Perona-Malik. Run
with parameters Ds =1, D4 = .01, e = .00l and ¢ = .2

In Figure 9.7 we show the errors for the isotropic setup with
coherence enhancement included (for c = 0.2). We get a very mi-
nor improvement in minimal errors and a decent improvement in
over-smoothing stability, although still not on the level of Perona-
Malik. It is remarkable that with coherence enhancement included
the data adaptive geometry is less stable than the left invariant
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geometry, we observe that combining two different methods of
adapting to the data is counter-productive in this instance.

For a qualitative comparison of the different isotropic methods
with coherence enhancement we over-smooth the collagen im-
age past the time of its lowest L? error with a factor of two, the
corresponding qualitative results are shown in Figure 9.8.

CORRELATED NOISE. For correlated noise we apply a Gaussian
filter with ¢ = 1.0 to Gaussian noise with ¢ = 0.2. The error
evolution for the isotropic methods is plotted in Figure 9.9. We
observe that MCF performs worse in this setting against correlated
noise, both in minimal error and stability it does not do as well as
spatial Perona-Malik. TVF on the other hand has a better minimal
error than Perona-Malik at the cost of stability. The stability does
somewhat improve if we turn on the locally adaptive frames.

The error evolution of the experiment including the use of co-
herence enhancement is displayed in Figure 9.10. Overall this im-
proves the results but MCF still exhibits an inferior performance in
this setting. TVF sees both an improvement in minimal error and
stability. As with the Gaussian noise experiment we see that turn-
ing on both coherence enhancement and locally adaptive frames
is counterproductive.

A qualitative comparison of the methods against correlated
noise is shown in Figure 9.11, where again we smooth twice the
optimal time. We observe the same general trend as in Figure 9.8,
all methods do a good job of preserving edges but TVF stands out
in clearing the plateaus.

As a final method to compare against we look at BM3D (Dasov,
For, KatkovNiIk, and EGIAZARIAN, 2007). Both BM3D and our meth-
ods share a dependence on some prior knowledge for optimal
performance: BM3D requires us to know the standard deviation
of the noise and our method requires us to know the optimal
evolution time.

We make a qualitative comparison of removing correlated noise
between BM3D and left invariant TVF by smoothing 1.5X past the
optimal L? error: 1.5x the optimal standard deviation in case of
BM3D and 1.5% the processing time in case of TVF. The resulting
images are shown in Figure 9.12.
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For a broader comparison, we compute peak signal-to-noise ratios
(PSNR) for the collagen image we already saw and for two addi-

(a) Original (8) With Gaussian noise

(c) Spatial Perona-Malik (D) Left invariant MCF

() Gauge MCF (F) Left invariant TVF
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(c) Gauge TVF

FIGURE 9.8: Qualitative comparison of over-smoothed collagen
images starting from a noisy image with o0 = .2 Gaus-
sian noise. Images are smoothed for twice the time
needed to reach their minimal L? error per Figure 9.7.
We use isotropic processing with coherence enhance-
ment.

tional images of different styles shown in Figure 9.13. Results are
summarized in Table 9.4.

As the gauge TVF method compares favorably against corre-
lated noise according to the PSNR value in Table 9.4, we will look
atits qualitative result and compare it against BM3D in Figure 9.14.

DENOISING AND FIBER ENHANCEMENT ON FODFS. In DW-MRI
image processing one obtains a field of angular diffusivity profiles
(orientation density function) of water-molecules. A high diffu-
sivity in particular orientation correlates to biological fibers struc-
ture, in brain white matter, along that same direction. Crossing-
preserving enhancement of FODF fields U : M3 — R* helps to
better identify structural pathways in brain white matter, which
is relevant for surgery planning, see for example MEESTERS et al.
(2017) and PorTEGIEs, Fick, et al. (2015).

For a quantitative comparison we applied TVF, MCF and Perona-
Malik diffusion (CReUSEN, Duits, ViLaNoOvA, and FLORACK, 2013)
to denoise a popular synthetic FODF U : M3 — R* from the
Fiberfox Tractometer challenge with realistic noise profiles (NEHER,
LAuN, StieLTJES, and MAIER-HEIN, 2014). In Figure 9.15, we can
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L; error

L, error

0.0 0.5 1.0 1.5 2.0

Time
—— Perona-Malik2D ----- Left Invariant MCF —— Gauge MCF
Left Invariant TVF Gauge TVF

FIGURE 9.9: Isotropic (¢ = 1) evolution of relative L' and L? er-
rors over time of the collagen image with correlated
noise (¢ = 0.2 Gaussian noise withr =2and ¢ = 1
Gaussian Filter) benchmarked against spatial Perona-
Malik. Remaining parameters are Ds =1, D4 = .01
and ¢ = .001

observe the many crossing fibers in the dataset. Furthermore,
we depicted the absolute L?-error t > [|[U — @x(U)]| 12(M;) @S @
function of the evolution parameter t, where ®;(U) = W,(-,t)
with optimized ¢ = 0.02 in the case of TVF (in green), and MCF
(in blue), and where ®; is the Perona-Malik diffusion evolution
on M3 with optimized PM parameter K = 0.2 (in red).

We also depict results for K = 0.1, 0.4 (with the dashed lines)
and ¢ = 0.01, 0.04. We see that the other parameter settings pro-
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S
o
i
0.0 0.5 1.0 1.5 2.0
Time
0.16¢
S
]
iy

0.0 0.5 1.0 1.5 2.0

Time
—— Perona-Malik2D ----- Left Invariant MCF —— Gauge MCF
Left Invariant TVF Gauge TVF

FIGURE 9.10: Isotropic with coherence enhancement evolution of
relative L! and L? errors over time of the collagen
image with correlated noise (¢ = 0.2 Gaussian noise
with # = 2 Gaussian Filter) benchmarked against
spatial Perona-Malik. Run with parameters Ds =1,
Ds=.01,e=.00landc = .2

vide on average worse results, justifying our optimized parameter
settings. We set Ds = 1.0, D4 = 0.001, At = 0.01. We observe that:

¢ TVF can reach lower error values than MCF with adequate
At =0.01,

* MCEF provides more stable errors for all t > 0 than TVF with
respect to € > 0,

¢ TVFand MCF produce lower error values than Perona-Malik
diffusion,
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¢ Perona-Malik diffusion provides the most variable results

forall t > 0.
(a) Original (8) With Gaussian noise
(c) Spatial Perona-Malik (D) Left invariant MCF

() Gauge MCF (F) Left invariant TVF
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(c) Gauge TVF

FIGURE 9.11: Qualitative comparison of over-smoothed collagen
images starting from a noisy image with correlated
noise (0 = 0.2 Gaussian noise with r = 2 Gaus-
sian Filter). Images are smoothed for twice the time
needed to reach their minimal L? error per Fig-
ure 9.10. We use isotropic processing with coherence

enhancement.
Gaussian noise Correlated noise
Method Collagen Spiral Mona Lisa Collagen Spiral Mona Lisa
Perona-Malik 20.1 19.5 20.5 242 253 25.1
BM3D 23.1 214 23.9 240 214 26.3
Left inv. MCF 21.7 195 23.3 23.8 243 26.2
Gauge MCF 21.7 198 23.7 239 242 26.2
Left inv. TVF 224 209 26.0 247 257 26.8
Gauge TVF 23.0 21.2 26.1 24.9 25.9 26.9
Noisy image 14.1 15.5 14.1 239 253 23.9

TaBLE 9.4: Comparing Peak-Signal-to-Noise-Ratio (dB) for the
coherence enhanced methods against BM3D and spa-
tial Perona-Malik at the minimal L? error. Three im-
ages were tested, the first being the collagen image we
have been using, second a spiral test image and third
a grayscale Mona Lisa. The best result for each case is
indicated in purple, the second best result in green.
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(B) With correlated noise

(D) Left invariant TVF

FIGURE 9.12: Comparison of left invariant TVF with coherence
enhancement against BM3D. The BM3D image is
denoised at 0 = 0.12 (1.5x optimal L?) and the left
invariant TVF denoised for 1.5X optimal L? time. Pay
particular attention to the diagonal edges where TVF
exhibits superior performance.

For a qualitative comparison we applied TVF, MCF, Perona-
Malik diffusion and linear diffusion to a FODF field U : Mz — R*
obtained from a standard DW-MRI dataset (with b = 1000s /mm?,
54 gradient directions) via constrained spherical deconvolution (CSD)
(Descoteaux, DERICHE, KNOSCHE, and ANWANDER, 2008; TOURNIER,
CaLamANTE, and CONNELLY, 2007). See Figure 9.16, where for each
method, we used the optimal parameter settings with the artificial
dataset. We see that
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FIGURE 9.13: A spiral test image and a monochrome Mona-Lisa
that were used for the PSNR experiments in Ta-

ble 9.4.
i )

‘!

(A) With correlated noise (8) BM3D (c) Gauge TVF with CE

FIGURE 9.14: Comparing Gauge TVF with coherence enhance-
ment and BM3D against correlated noise, the stan-
dard deviation for BM3D and the evolution time
for TVF were set at 1.5 times the number needed to
reach the optimal L? error

¢ all methods perform well on the real datasets. Contextual
alignment of the angular profiles better reflects the anatom-

ical fiber bundles,
¢ MCF and TVF better preserve boundaries and angular sharp-

ness,



228 TOTAL VARIATION & MEAN CURVATURE DENOISING

------- PMO.1 —PMO.2 ——-PMO4

MC0.01 — emmMC0.02  ——=MC0.04

000 020 040 060 080 1,00 120 140 160 1,80 200 220 240 260 280 300 320 340 3,60 380 400

FIGURE 9.15: Quantitative comparison of denoising a fiber ori-
entation density function (FODF) obtained by CSD
(DEescoteaux, DERICHE, KNOSCHE, and ANWANDER,
2008; TOURNIER, CALAMANTE, and CONNELLY, 2007)
from the benchmark DW-MRI dataset Fiberfox (NE-
HER, LAUN, STIELTJES, and MAIER-HEIN, 2014).

* MCF better preserves the amplitude at crossings at longer
times.

9.11 CONCLUSION

We have proposed a PDE system on the homogeneous space My =
R¥ > §9-1 of positions and orientations, for crossing-preserving
denoising and enhancement of (lifted) images containing both
complex elongated structures and plateaus.

It includes TVE, MCF and diffusion flows as special cases, and
includes (sub-)Riemannian geometry. Thereby we generalized re-
cent works by CHAMBOLLE and Pock (2019) and CitT1, FRANCESCHIELLO,
SANGUINETTI, and SARTI (2016) from 2D to 3D using a different
numerical scheme with new convergence results (Theorem 9.5)
and stability bounds. We used the divergence and intrinsic gradi-
ent on a (sub)-Riemannian manifold above My for a formal weak
formulation of total variation flows, which simplifies if the lifted
images are differentiable (Lemma 9.1).

For 2D image denoising and enhancement we have shown that
in all cases TVF on M, has a better minimal error than Perona-
Malik and MCF at the cost of being more sensitive to oversmooth-
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FIGURE 9.16: Qualitative comparison of denoising a FODF ob-
tained by CSD (DescoTEaux, DERICHE, KNOSCHE, and
ANWANDER, 2008; TOURNIER, CALAMANTE, and CON-
NELLY, 2007) from a standard DW-MRI dataset (with
b =1000s /mm? and 54 gradient directions). For the
CSD we used up to 8* order spherical harmonics,
and the FODF is then spherically sampled on a tes-
sellation of the isocahedron with 162 orientations.

ing, recall Figures 9.5 to 9.11. The L!, L? and PSNR measures
indicate the potential of our proposed methods for denoising and
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we manage to improve PSNR results against methods such as
BM3D against correlated noise on some images, recall Figure 9.12
& 9.14. Qualitatively this is mainly reflected in better clearing of
plateaus while still preserving hard edges and crossings.

In 3D we compared to previous nonlinear crossing-preserving
diffusion methods on M3, we showed improvements over Perona-
Malik and improvements over contextual fiber enhancement meth-
ods in DW-MRI processing (CReusEN, Duirs, ViLaNova, and Fro-
RACK, 2013; Duits, DELa Hag, CREUSEN, and GHOSH, 2013) on
real medical image data. We observe that crossings and bound-
aries (of bundles and plateaus) are better preserved over time.
We support this quantitatively by a denoising experiment on a
benchmark DW-MRI dataset, where MCF performs better than
TVF and both perform better than Perona-Malik diffusions, in
view of error reduction and stability.

Altogether, we conclude that our TVF and MCF methods on My
work well for denoising and enhancement forbothd = 2and d = 3.
In general we see clear benefits of the inclusion of locally adaptive
frames and of limited inclusion of coherence enhancement. The
code from our experiments is available as a Mathematica notebook
at www.bmnsmets.com/files/tvf_mcf_denoising_jmiv.nb.

FUTURE WORK. While we have shown the potential of our PDE
system on M, as a denoising/enhancement method some chal-
lenges remain for future work:

¢ Determining stopping time; our methods show good min-
imal errors but are prone to degrading the image if left
running for too long. For general applications a robust auto-
matic stopping method would be helpful. Spectral analysis
of nonlinear operators (BUNGERT, BURGER, and TENBRINCK,
2019; COHEN, FALIK, and GILBOA, 2019) may apply here.

* Coherence enhancement (WEICKERT, 1999) was not originally
conceived for denoising. It is therefore interesting to see how
edge enhancing diffusion (EED) (FABBRINI, GRECO, MESSINA,
and PINELLI, 2013) performs when generalized to My, i.e. we
would reformulate our enhancement operator E as:

|VU-c|?
E::/ c®ce 2 du(c),
Sd


www.bmnsmets.com/files/tvf_mcf_denoising_jmiv.nb
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and test its performance.

¢ In this article we obtained convergence results of our PDE
solutions for € | 0 while keeping ¢ > 0 fixed. It is interesting
to study the full limiting case (€, ¢) — (0, 0), for the general
setting covering total variation flow.
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APPENDIX






LEFT-INVARIANT VECTOR FIELD BASIS FOR
SE(3)

Two charts are required to cover SO(3), when using ZYZ-Euler
angles:

g= (x/ v, z, Rez,yRey,ﬁReZ,a) ’ (A‘l)
where g € (0,71) and «, y € [0, 27), the left invariant vector field
basis is given by:

(A1) = (cosacosfcosy —sinasiny) (8x)g

+ (sin a cosy + cos a cos B sin y) (ay)g

—cosasinp (dz),,
(A2)y = (—sinacosBcosy —cosasiny) (dx),
(cos a cosy — sina cos Bsiny) (8y)g
+sinasinp (dz),,

(Aa)g = sinfcosy (3,), +sinfsiny (9y) +<os (92)g

: cos
—(As)g = cosacotf (da)g +sina (85)8 " Sing (8y)g,
sina
sin 8

(‘A4)g = —sinozcotﬁ (aa)g + cos a (aﬁ)g +

(‘A6)g = (aa)g .

Recall that in this chapter we take the convention that A,,; is the
in planar rotation from axis 2 = (0,0,1) to A; fori =1,...d - 1.
Thereby —As is the counter clockwise rotation about axis A,
whereas A4 is the counter-clockwise rotation about axis A». Recall

Fig. 9.3.

(9)g -
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The above set of expressions are not valid for f =0 or = 7, in
that case we can switch to XYZ-Euler angles:

g = (x/ y/ Z/ Rex,y’Rey,/S’ReZ,a’) 7 (A.Z)

with o’ € [0,2n), B’ € [-, ) and )’ € (-71/2,7/2). The basis
vector fields are then given by:

(A1)g = cosa’ cos B’ (dx),

+ (cosy’sina’ + cos &’ sin B’ sin ') (ay)g

+(sina’siny’ - cos a’sin ' cos y’) (9z), ,
(A2), = —sina’ cos p’ (dx),

+ (cos a’ cos Y’ —sin &’ sin B’ sin ') (8y)g
+ (sina’sin ' cos y” + cos a’siny’) (dz), ,

(A3), = sinp’ dy — cos p’siny’ dy + cos p’ cos Y’ (92), ,

cos o’

—(As)g = —cosa’tan f’ (dur)q +sina’ (8,3r)g + cosf

(ay’)g 4
sina’

(A4), =sina’tanp’ (da’)g + cos @’ (8ﬁ/)g T cosE (3;/)g ,

(As)g = (Ow)g

for |B’| # /2.
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