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Example: Detection of
pathological cells

?

Pathological




Geometric guarantees (invariance)

Healthy
Example: Detection of
pathological cells
Q Pathological
Common approach: data-augmentation Issues:
- Still no guarantee of invariance
’ ':." P - Valua.ble.net qapacity IS spend on
14 learning invariance

- Redundancy in feature repr.
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https://distill.pub/2020/circuits/equivariance

Naturally Occurring Equivariance in
Neural Networks Equivariant Features

Rotational Equivariance: One example of equivariance is rotated versions of the same

AUTHORS AFFILIATIONS PUBLISHED DOI
Chris Olah OpenAl Dec. 8, 2020 10.23915/distill.00024.004 feature. These are especially common in early vision, for example curve detectors, high-low
Nick Cammarata OpenAl frequency detectors, and line detectors.
Chelsea Voss OpenAl
Ludwig Schubert
Gabriel Goh OpenAl
Curve
Detectors
High-Low
Frequency
=Nl erElININENEENED
Edge Some rotationally equivariant
Detectors features wrap around at 180

degrees due to symmetry.

Line
Detectors

The weights for the units in the first layer of the TF-Slim [11] version of InceptionV1 [8].° Units are sorted by the first
principal component of the adjacency matrix between the first and second layers. Note how many features are similar
except for rotation, scale, and hue.

(There are even units which wrap
around at 90 degrees, such as
hatch texture detectors.)
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Geometric guarantees (equivariance)

feature map stabilized view

Normal CNN

Figures source:
https://github.com/QUVA-Lab/e2cnn
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Group equivariant CNN o

https://github.com/QUVA-Lab/e2cnn

Figures source:
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Geometric guarantees (equivariance)

Importance of equivariance:
- No information is lost when the input is transformed

- Guaranteed stability to (local + global) transformations

Group convolutions:

- Equivariance beyond translations
- Geometric guarantees

- Increased weight sharing

G-CNNs are not only relevant for invariant
problems but for any type of structured data!



Geometric guarantees (equivariance)

Equivariant problem: Equivariant problem:
N-body problem (force/velocity prediction) Molecule conformer generation
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\‘ Invariant problem:
Molecule property prediction



Psychology of vision: recognition by components

Low-level features
f -/

e.g. local surfaces = [ ]
(e faces) =y /7\
‘ ”m /"‘""‘3 - ’
@ @ ________ E#.('“‘V’ e }
& ( 70 | BN
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‘@ form high-level features such as
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Mid-level features
(e.g. vessel segments) By,



Psychology of vision: recognition by components

Low-level features
(e.g. local surfaces)
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Rationale behind capsule networks

locations, angles, and scales \
l £%§§§7 Part Capsule Autoencoder Object Capsule Autoencoder
Low-level features arranged at - (a) (0)
relative angles and displacements A8 ;:,fi: 3 explain L p
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Fig from Kosiorek et al. 2019



Symmetries in nature

' Chico Camargo &
@evoluchico

Have you ever noticed how nature seems to love
symmetry? & [

Evolution has literally trillions of shapes to pick from,
and yet, biological structures often show symmetry
and simplicity.

This is the story of the discovery that completely
changed how | see biology.
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ymmetries in nature
@

"Why does evolution favor symmetric structures when
they only represent a minute subset of all possible
forms? ...Since symmetric structures need less
information to encode, they are much more likely to
appear as potential variation."

& Chico Camargo & @evoluchico - Mar 14
Have you ever noticed how nature seems to love symmetry? A [l @

Evolution has literally trillions of shapes to pick from, and yet, biological
structures often show symmetry and simplicity.

This is the story of the discovery that completely changed how | see biology. B

Show this thread
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Group equivariant deep learning

Create architectures with guarantees of invariance or equivariance
(often demanded by problems)
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Equivariance allows for Psychology of vision Efficient representation learning
increased weight sharing (recognition by components) (leverage symmetries)

Low-level features
(e.g. local surfaces)

features can appear at arbitrary .

ﬁ Vo s
i sij locations, angles, and scales

Low-Ievel features arranged at
relative angles and displacements )
form mid-level features e

Mid-level features
(e.g. vessel segments) By,

Mid-level features arranged at
relative angles and displacements
form high-level features such as
bifurcations
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