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Roadmap

Alntroduction & Motivation

APart 1:SubgrapiDetection in Statistic Attributed Networks
APart 2:SubgraphDetection in Dynamic Attributed Networks
AFuture Directions




Taxonomy

Anomalous & significant subgraph detection
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Specifics of the dynamic setting

AGraph and temporal (mulhetwork) dimensions
2 A Graph:Connectivity/Density/Weight
@ A Time: Contiguity/Recurrence/Stability

ABaseline: Independent snapshot detection and th é/-
connect in time 5:00pm 5:30 pm 00 B
A (-) Do not consider all slices at a time Time
A () Heuristic posprocessing across time

AFocus for this partdetection of general subgraphs

AWhat we willNOTaddress

A Globalnetwork properties over time
A Individualnode/edge properties over time

A Bvolutionary clusteringpartitions the full networkas
opposed to focus on specific subgraphs

A Static structure e.g. community detection

2011 Cricket World Cup
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Taxonomy

Anomalous & significant subgraph detection
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Taxonomy

Anomalous & significant subgraph detection
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Dynamic networks
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Additive attribute score
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Time l Spatial-Temporal e
Overlap @ +@+
ASigned weights on elements ASensor readings
AScore = sum of weights AStcct)_ret_%patiotemporal scan
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ASubgraphs of interest: ASubgraphs:
Astable or smoothly evolving A stable or smoothly evolving
Aconnected A connected



Dynamic processesafficjams
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Dynamic processefact search
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Mining heavydynamicsubgraphs
W . ZEIRI V20 $0 fd L/ 5aQmm

5:30 pm 6:00 pm Score:4

Time

ANode/edge scores change over time, structure fixed

APositive scores correspond to anomaly/event of interest
ADynamicsubgraph (subgraph interval)

AHeaviest Dynami&ubgraphof maximum score
ANRhard (Single slicéiS¢ C PCSY
ALarge search spacé&onnectedsubgraph3 x ( €intervals)
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Baseline filteland-verifyapproach

BAAAaOFNR aol RE )\yust N
AJB on score O(|E|)
ARelax connectivity constraints to obtain UB

Miscard intervals if UB < global LB R S Y AR
ATo obtain a LB and evaluate intervals
Alransform to PCSTiree and solve exactly M H

A-aster than existing PCST heurisiidd/2 Ky 42y Qn n 8
AChallengeQuadratic filtering cosO(? |E|)

Araffic 1 month@5 min>75 mil. aggregated graphs

Adea:Filter at a coarser temporal resolution

ANeed to consider every interval ' E—
. | . |
|

;

ACombine overlapping intervals into groups

Adigh overlap> similar solutions Time
Acilter whole groups at a time



LeftAligned Interval Grouping

A Left-aligned goup S{,j,K): intervalsthat start at
timeiand end at timgj,k], A XK2 XK]

A Minimum overlap' =(pi+1)/(k-i+1): The length
ratio of shortest and longest interval

ﬁ{lf 0<h <1, then#groups = O(t log(D) }

h=0.5

log t
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How to Filter Whole Groups?

A Dominatinggraph E(i,j,k) for agroup S{,j,k)
o Weights maximumin any grouped interval
0 EHSE(i,j,kL’) U Xi1)),d XWIDX] }
| | K

E E
5
Max

Time b
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Filterin O(tlog(t)|E|)

Size

O

Starting Time

Time to build indexXO(t|E|) , Bottomup
Compose on& in O(log(t)E| )
Compute alE in O(t logi(t) |[E]) vsO(t?|E|)
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