Dynamic Community Detection
with Normal Distribution
in Temporal Social Networks
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Background

Detinition: A community Is a group of nodes
where the connections amongst them are much denser
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Background

Detinition: An overlapping community allows
some nodes belong to multiple communities.




Static community




An edge

Computer Network Community

PE

Static community

rjod of time (from being Master student to Ph

denotes an Interaction between nodes

Data Mining Community

-xample: A static collaboration network within a long

D student)



Computer Network Community Data Mining Community
Three Possibilities from This Figure:
* this guy shifted from Computer Network to Data Mining

* this guy shifted from Data Mining to Computer Network

e this guy always did research both of them



~ What's the truth??




Dynamic community
N dynamic (temporal) networks

An edge denotes
an interaction and its related times between nodes
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Observation

Most membership strength in a temporal social
networks are:
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Observation

Most membership strength in a temporal social
networks are:

stable, not time-varying
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Observation

Most membership strength in a temporal social
networks are:

stable, not time-varying

A

Membership f(u. k.t
Strength (u, k, t)




Our Intuition

se to model the strength of
embership — adding a pair of (M, 0) as temporal
factors to describe strength of membership

temporal

stable




Problem Definition:
ommunity Detection
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Problem Definition:
Community Detection

* Given n nodes (people) and m edges (interaction) -> G(V,E)

-’To’.find number of k communities where people _b_elong to



Modeling for static community
detection in BicCram

* Define:

F,. -> weight between user uand community c
* P(u, v) -> The possibility of interaction between users u and v

* Assume one community ¢ connects users u and v with




|_earning for static community
detection in BicCram

How can we get F:

* Maximizing the log likelihood of:
I(F) =log P(G|F)

F= argmaxI(F)
F=0
* where

[(F) = Z log(1 — exp(—F.F))) — Z F.F)

(u,v)EE (uw,v)EFE




|_earning for static community
detection in BicCram

* Update F, for each u with the other F,, fixed
* Became a convex optimization problem

> log(l —exp(—FuF,))— » F.F,

veN(u) vEN (u)

exp(—F,F1)

F,—
1 —exp(—F.F)

F

vEN (u)



Our Modeling for Dynamic
Community Detection

Assume every user has a time distribution between community ¢

 Gaussian,.~(l,., 65.)
* P(u,v) = 1-exp(-X¢ Fyc " Fye) ->

P(u!tllv!tZ) =1-exp(-z Fuc ) Gauuc(tl) ) Fvc ) Gauvc(tZ))
C



Parameter Learning for
Dynamic Community Detection

Maximizing the log likelihood of:
* I(F,Gau) = log P(G|F,Gau) Gau->f

F,i- — ﬂrgmax l(F, f) F(tlu k) = 1 exp(— (% ‘— ‘I:,,k)‘_)
F>0 f>0 \/ﬂa—uk 20_‘;1«

[(F, f) = Z log(1 — exp(— ZFukf f1|U k) zkf(t ’l k)))

("U-#l-’af»l,t‘z)EE =0 S

.; o Z Z Fuf(ti|u, k) For f (t2|v, ))

(vt t2)ZB k=0

Random Sampling of Negative Samples



Evaluation on the
membership strength matrix

 Relative Accuracy

» Average F1 Score




cvaluation on the
estimated temporal factorsw. o

 Pearson/Spearman Correlation
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Sigclale]ig Ground Truth




U




