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AT 5%

« B2Aule] Hx9l= 12d (Albert et al., 1999)
« X 5% 249 (Independent Cascade model, Threshold model)

- oA AR 55 %33} (Kempe et al., 2003, Leskovec et al., 2007)

« & 7ke] 72 A (Liben-Nowell and Klemberg, 2003), == &7 (Zhu
et al., 2007) '1‘2'“ A gy 71 AHEs A

« 253 3 FAFNE 53 A AEF A (Newman and Girvan, 2004)

2 2 st= 7MY 238 Z (Boyd et al., 2006)
E3) A FHAore 24 (Jung et al., 2009)
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» Traditionally the diffusion of innovation is studied in
Sociology

> Adoption of hybrid corn (Ryan and Gross, 1943)

o Diffusion of innovations among physicians (Coleman et al.,
1957)

> Innovation decision process theory (Rogers, 1962)
» Lots of mechanisms have been investigated

> Independent Cascade model
o Linear threshold model
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Independent cascade model

AMALEILE AR

» Independent cascade model (IC)
- Each node has active or inactive state
o Initially some seed nodes are activated
o At each step, each newly activated
node u tries to activate its neighbor v
with probability P,

» This process explains information diffusion in complex networks.

- Facebook, Twitter retweet, information spreading in the blog
space, epidemic spreading etc

£
ro
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Influence Maximization Problem

» Influence of a node set S

> g(S) : expected number of cascade size at the end of
the diffusion, where S is the initial adaptors set

» Problem:

- Given a parameter k (budget), find a k-node set S to
maximize g(S)

- Constrained optimization problem with g(S) as the
objective function
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Properties of g($)

» Non-negative
» Monotone:  g(S +v) = g(S)

» Submodular:
> Let N be a finite set
> A set function f : 2" — R is submodular iff

VScT cN,VveN\T,
g +v)—g(S)=g(T+v)—g(T)

(diminishing influence)

[m]
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Hardness

» For a submodular function f, if f takes non-negative value,
and Is monotone, finding a k-element set S for which g(S)
IS maximized is an NP-hard optimization problem
[GFN77, NWF78].

» It iIs NP-hard to determine the optimum for
Influence maximization for IC model.
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Approximation

» Sequential greedy Algorithm
o Start with an empty set S
> For k iterations:

Add node v to S that maximizes g(S +v) - g(S).
» How good it is?
> Theorem: The greedy algorithm is a (1 — 1/e)-
approximation.

> The resulting cascade size from S is at least (1- 1/e) >
63% of the number of nodes that optimum set S could
activate.
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Evaluating g($)

» How to evaluate g(S+v)?

- Monte-Carlo simulation is a simplest way, but it is not
scalable.

» Many algorithms are proposed
- Leskovec et. al. [KDD ‘07] CELF algorithm
> Chen et. al. [KDD ‘“10] P-MIA algorithm

» However, CELF runs too slow for large scale
complex networks, and P-MIA requires too much

memory.
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Our Result

» We obtained a novel message passing algorithm
to estimate g(S) which runs much faster than
CELF and uses much less memory than P-MIA.

- Based on a novel recursive formula to compute influence
of each node

- Experiments show that our algorithm achieves
better/similar accuracy than P-MIA and CELP
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Influence Rank (IR)

KAIST

» Based on this observation, we obtain Influence Rank
formula

u)1+( > Pw-?*(v)).

’LENOut{H)

» One iteration of simple IR takes O( ). ey Aoyt (V)) time.
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Influence Rank (IR)

» We prove that for tree graphs, IR computes the
Influence o(u) for each node u.

0
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Influence Rank (IR)

» Although Simple IR runs very fast, it works only for the
case that S = @

» Let AP;(u) be the probability that node u would be
activated by the seed set S

» Then the estimates of marginal influence of u given a
seed set S is

r(u) = (1 — APs(u)) - ( ( Z Py - I(l))) .
veENout(y)
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Influence Estimation (IE)

» We propose an efficient method for estimating APs(v) given a
seed set S

» EX, let MIOA(u, S, 8) be an out-aborescence from u to other
nodes consisting of paths with the highest propagation
probability from u to other nodes [Chen et al. 2010]

D
W ¥

3
» By generating MIOA(s;, S, 8), Vs; €5, we estimate APg(v)
according to following equation

APs(v) = ) AP, (v)

S; €ES
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Experiments

Table 1: Summary of Real-world Social Networks

» Datasets Dataset #nodes | #edges | direction
. ArXav bK 29K undirected

- SiX real-world datasets Epimions 76K | 500K | directed

. Slashdot TTK 905K directed

> Synthetic datasets Amazon | 262K | 12M | directed
DBLP 655K 2M undirected

LiveJournal 4.8M 69M directed

» Propagation probability models
- Weighted cascade model (WC)

* B, = di where d,, is in-degree of v

v

> Trivalency model (TR)

- for each edge (u, v) , Assign B,,, a random probability
among {0.1, 0.01, 0.001}
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Experiments

» Scalability
> Increase average degree of nodes while fixing # nodes
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(c) Weighted Cascade
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Running time(s)

Experiments

KAIST

» Running time
- |IRIE Is faster than PMIA and shows stable running time
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Experiments

» Memory efficiency

KAIST

o |RIE 1S 2~7 times efficient than PMIA

Table 4: Memory usages of IRIE and PMIA

WC TR
Dataset File size | PMIA IRIE File size | PMIA IRIE
ArXiv 715KB 14MB 8.7TMB | 582KB 10MB | R.7TMB
Epinions 18MB 135MB | 35MB 15MB 143MB | 35MB
Slashdot 24MB 280MB | 39MB 19MB 340MB | 40MB
Amazon 43MB 276MB | 74MB 38MB 162MB | 74MB
DBLP 88MB 1.1GB | 160MB 82MB 357TMB | 158MB
LiveJournal | 2.4GB | 10.1GB 3GB 2GB 16GB 3GB
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Experiments

» Influence spreads
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Figure 4.2: Influence spread for ArXiv dataset
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Experiments

» Influence spreads
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Figure 4.6: Influence spread for DBLP dataset

[m]

- 40 - w0l KAIST

I'



