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Network Scnence
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Dimensionality of soaal networks using motifs and e:genvalues
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Dimensionality of social netwerks using motifs and eigenvalues
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Local methods In
network science

David F. Gleich

Purdue Umniversity
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Local methods identify small, meaningful
regions in massive networks
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Local methods help
characterize the graph!

Vertex neighborhood or egonet

Egonets of social networks should show “structural holes” £

Used for anomaly detection

overiapping communiies

Javiad Glesch - Purdue



Characterizing local anomalies in
graphs using egonets
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Our perspective

Local diffusions are some of
the best community detection
algorithms available!



Local Community Detection
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Community

A set of vertices with
high internal and
low external

connectivity
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Low-conductance sets are communities

# edges leaving T
conductance( 7 ) s 2

# edge endpoints in 7

= " chance a random step exits / ~

.
" ¥~conductance( =
' 39/381 = .102

How to find these ?



Graph diffusions find
low-conductance sets

A diffusion propagates “rank” from a seed across a graph.

® = low ]— diffusion value

But don’t diffusions go
everywhere in the graph?
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The most used diffusions stay
localized even in massive graphs
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The most used diffusions stay
localized even in massive graphs
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Our mission

Find the solution with work
rﬂughly propornonal to the
localization, not the m



Our Point

Coordinate relaxation methods yield

localized algorithms for diffusions
in a pleasingly wide variety of settings.

Our Results

New empirical and theoretical insights into
why and how a specific form is so effective.

Daviad Glesch - Purdue



Localized methods for diffusions use the
push coordinate relaxation strategy

The push method

Ax=Db

(K+1) _ lk)

Update x
such that [Ax""*"]; = [b],

or [Ax**V]; = [b]; + <,

Ised In coordnate descent, (Gauss-Seidel
Gauss-Southwell. and many other methods.




Localized methods for diffusions use the
push coordinate relaxation strategy

Push on a graph-

based linear system
nas a super-duper _
awesome property 4k
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Push is fast!

For e Pagefark alffusion, Push

QVES CONSIEN work (Erry-wises

TTEIY P Ty P e —

1 Forthe Katz diffuson 4
Lt works ermpncaiy st

g, WL =g N, ey g

2. Fomeexporsntss X =expiPle

Fugh ves unlonm ocalzanon =
L (0w W rapns and e
Tuhmes

] L
- et d e, R

4 Formeneal wamel anuson 8
Fheon grves CONSIant work
Nty wee) x = exp(Ple,

i aud ™ _YV'd s}

Pk Ka
- “P)x (h— ‘Ax
= () -a)e = (1 = n)e

For The FageRank diffusion
Fust yrfcs spiarsity
reculsnzalon

P At i hmvans s 24 T4

Fof & Jeneral glass of Jiusons
Thera I a Chesger iInocuality
Py Calore

. T ‘.“’.“r,“-" the d

For the PaneRank diffusion
Fush gives the soluhon path in
constarm work ontry-wise)

o vl Laett 200 1Y) IGS

Gy Cuestt Pk



Push is useful!

M3

Push implicitly regularizes semi-
supervised learmng

BN BN WarDrey ke

FPush gives state of the art
resulls for overlapping
community detection

‘l-l"'-"lllf"

'Il?'\.f"l. '.:;.'_"-l_.:_ h.:. J"'«.'. :-'H'r'

,'.."".r'-'l_ Ll Dl e ey

Push for overlapping clusters
decraasa communicalion in
parallel solutions

s, Caseon, LErGee, WELR 202

idtarmy Fhase smpceey P hese Smad tat Luparsoe Frocagrtios Fhase
i - . - [ W
pralytll, et - v ok
e i | -E.*__,}Lf"' ™ W e K
.-"-'\‘. . l.-‘_". _‘ - :‘.._"' - . ;-
oy il = L
., "5 .y .'"‘": " + .:5‘4- -
Ay ] .
DBLP
1-1 e —
| e
- -
S’ T igracius coniens
et wad Ml
132 e oom
-w
018
oLhe

David Glesch + Purdue




Heat kernel localization

General recipe Heat kernel recipe
1. Take problem X, 1. Convert X = exp(tP)e; into
convert into a linear [ 1 [vel 'n.]
S?Stem | w1 I v | 0
| 2 . | =
2. Apply “push” to that | % 4 :
linear system . ®:N 1| [w] |0]

3. Analyze and bound 2. Apply “push”
ROtRL Wk 3. Analyze work bound



data F precision set size comm
HK PR HK PR HK PR size
amazon 0325 0.140 0.244 0.107 193 15293 495
dblp 0257 0115 0208 0081 44 16026 1429
youtube 0177 0.136 0.135 0.098 1010 6079 1615
13 0.131 0.107 0.102 0.086 283 738 662
orxut 0055 0.044 0036 0.031 537 1989 4526
friendster 0078 0.090 0066 0.075 229 333 724
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An algorithm to find overlapping
communities using local diffusions

)

. Extract part of the graph that might have

overlapping communities.

Compute a partitioning of the network into
many pieces (think sgrt(n)) using Graclus.

. FInd the center of these partitions.

4. Use "push” seeded with the egonets of these

N

partitions
Add back any missing pieces.

avicl G Pumh e



Recap

QUESTIONS?

Local methods give
rapid insight into
massive grapns

Seeded diffusions
are usually localized
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