
✗ in?c) = hx :r → c}
Épy=Cu)

foraleuts
x
, y > =L <xtn , yin>admin

symmihyÉ→
Transformation that leaves a uertain

property of said ohfut or system

umhanged or invariant
.

word
set br with a binary operation

° :
h ✗ h → a

s
Represented hemeforth asgh_



Axioms →
Associativity

1) ( gh ) l = glh e) v-g.h.lt -h

2) Identity etr
→ Existence of identity

eg = g e = g
Y g th

3) Inverse - Existence of immense

g g-
'
= e

4) illosure→
illosme

g Er , her
⇒ ghth

Commutativegrouhs-dhelianhroubaitionhroutpaih-o.rs
of h on a setr

x C- X Cr) ut
r

cg.xjlul-xlg-ln.dz
Linear group actions -hroutprehresentatioy



Geometric deep learning
- f :X Lr ) → Y vis h -uimoinant

-

fl g . e) = f Cx) for all gth

ENamhk-ranslationgroubh-YL-1.tl,
C- 1,07

,

lo , - 1) , 10,0
)

| Cl
,

1)
,
lo
,
1)
,
Ll
,
0 ) }

g. x
- 2D shift of an image

flg.sc) = flx
)

⇒ Detect the
"
wat

"

even if

it is shifted .



Similarly , h - equivariant ✗→r→c

f :X
In)

f l g. x) = g. flat
it g th

www.tonuolution-bfinition )
( I * E) (g) =

xlndo-tg-ndmh-teauiuariantgth.ME?.Proof-
Refer heometiie dub learning

-Bronstein

Too idiffimlt as the group ran be

very big
e- g
1) all rotations , translations ,

reflections

2) all humiliations of
the grahh



Shutral interpretation of Group
Convolution

É
Farts

1) Any uiuular
convolution in ID

represented as a
minbar connotations

j#Latrine
do•=t÷I÷I÷☐→

2) Eigenvectors of ALL CIRCULANT

MATRICES

- Fourier basis

§ = ( Uo ,
.

.
.
-

, In - , )

4k =¥
( 1
,

eih"¥
,

ei 4,1¥
.---tIk)



liduomolutionimshuhalohemain

¥*J→
F¥
✗ - [ É% x ,

.
. . xD - Rd

× "

A

A - R
""

iadfaruuy matrix Ñ÷Ñ
"

jTsiagona?
,

L = LD - A) hahlaiian
makes

fcx ) = L permutation
equivariant)

t.HN?urmutationeanuiariant
Key idea :

choose eigenvectors Uof L

as shutial basis



L

L
'

=p
'

Lp

✗

✗
'

= XP

✗
' L' = (✗ ↳ p

PPT __ I

I



shu-halgrahhuonuolutionf.IN
=

j
-Ji

✗

I
-
. .

"

•

-

. ②
,

o-learnahlehavameteÉ
tan have uadditronal non

-
linearity

* This was initially walled a

grahh convolution
but is

xunronmon none

Reasons

1) cannot generalize
to different

graph structures

2) Very vdiffiudt ito
scale



MORE COMMON ( Spatial hrahh
convolution

somewhat similar to CNN onn
tonal

neighborhoods
- What Jonathan and Ting

-Han hresented



fcx) _I+_A))

Lamt
[ It A) weights



Pruedingnuualneh-norksl.MN
- translation eaiuua.name

Shheuial CNN - eauiuairanre on solid
rotation

UN N - humiliation ianivariane

Transformers - shuial vase of
GNN

headlines and gauges
- ?


