


































































Lecture 7 EN 553.794 Prof Luana Ruiz

Today Communitydetection

info theoretic threshold GNN

SBM SPMM

feature aware spectralemb

community 1
ooo community

A Information theoretic threshold

What happens when pig in the balanced

SBM with 2





































































When p q we actually have an Erdos Ring

graph
in which the edge probability isconstantfor all nodes there are no communities

to distinguish

But even when ptg there is a region around

f g where detection of communities is
impossible in an information theoretic sense

Let SNR p q
t degreediscrepancy in

subgraphs
2Tpq α average degree noise

If SNR 1 almost exactrecovery
detection

is impossible even with infinite time resource

no algorithm can detect comms in this case

Forthe pf check the works of
Massoulié2019

Mossel 2074





































































E.g sparse graphs

p q g 191 0 as new

son

E
snrna

y
in this case

comm

detection.iq
a

impossible

Do Contextual stochastic block model C SBM

An SBM graph but with node features drawn

from a
Gaussian

mixture

A Aig Aji Been Pig P pff
YE f1,13 B ER

2





































































xi ffli.ru fat
an NCO Ida
Zin NCO Id

Xilyi a N IFF n F
correction to defn in Lec 4

Do Feature aware spectral embeddings

Let G be a graph w adjacency A and

node features Rmd

Diagonalize XX ER has n'v
Pick the top K eigenvectors Vod

Define Vath Vs Vr columnwise
concatenation

per ath

f A x 8 raku we peth
xc

























































In the presence of nodefeatures
the information theoretic threshold for
community

detection becomes

p 9 E

2 comm

detectionpossible

hr Try in info theoretic
sense

When p q detection is stillpossible
as long as means are sufficiently separated

high µ andor high
d

A computational thresholdsforspectral clustering
non
rigorous

C 4

m

1 I dempts



Spectral redemption

figure takenfrom Krzakala et al 12013

in practice spectralalgos failabove the info
theoretic threshold sometimes

significantly
above

Can GNNs help

In the example above having access to
C C

eigenvectors might have helped

notonly do we have tofix when unknown

wealso have to pick a large enough so we don't risk

missing informative eigenvalues lost in the bulk

Back to lecture 3 Expressivity ofgraphconvolutions
Thm If x to Vi and Xi x it therealways

exist K En coefficients ha hi ha sit y HIS



Let y be our community assignment
vector

as long as x to i Xi 7 i j a graph
conv 1 layer linear Ann that approximate y

motivates
using

GNNsfor semi supervised comm

detection on graphs

I e we salvey surrogate of
C 1 less

mf.EE ff1A
x li Yi

one hot comm vector

of node i Yic 1 ifsame parametric

fonof AX i in c

where f A X Ige A x Ann w learnable
parameters Fe

see Lec 5



A note on sparse matrix vector multiplications
skix 5ᵗʰ Ex

The usual matmul operation in Pytarch requires on

to compute Sx 5 3 Aig x for Kien

a times
n multiplications

Typically the aso s
ie A L etc is a

sparse nxw matrix I e II C1

m

IE nonzero entries 0 IEL complexity
possible

But to achieve it need to use sparse tensor ofS
representation sparse matrixmultiplication
operations in PyTarch

How sparse matmuls work

Coordinate coo representation



112 0 26 0

A a 0 19 14

26 19 d 0

a 14 a 7

in value

becomes

qq.ph
can we curb index repetition

2 2 19

Compressed sparse row CSR representation

most popular

pointer 8111213
1k 1 231

column 0 2 2 31
01

value 12 2619 all
included

foreach row i

for 1k painter i to painteritis
y i yci value RR column Kk



total operations It Wil di 1 A1 IE

In PyTarch totransform to a sparse tensor

S.to sparse 1 or S.to sparse csr
coo

matrix vector mult as before s
xortarch.mv S x

forboth Coo
CSR

Feel free
to use these in your HW


