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Viral Marketing

Influence Maximization Problem
Influence Diffusion Models
Limitations of Existing Models

Introduction & Motivation
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Viral Marketing

A Word of mouth effect > TV advertising
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Influence Maximization ProblemY 55 €

7 “Y

the expected number of people influenced by a seed ¥et

A Ogl ngé D, Y

Givena network'O  @hO , and abudgetQ
find the ‘Qmost influential people in a sociaktwork
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How influence is propagated through a graph
=Influence Diffusion Model
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A Existing diffusion models
i IC (Independent Cascade) mo@é|> 5 @nos O n nor or
i LT (Linear Threshold) modef>3Qn0 ;2 Ak RNOEOADAE DAL |
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A Anindividual can affect othersultiple times.

GalaxyS3 is GalaxyS3 is GalaxyS#&
awesome awesome awesome

Yesterday Today Tomorrow
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OEAAUOAY3T az2RSfa L:-

A Marketing usually has @eadline w

What?

GalaxyS3 is GalaxyS3 iS B GalaxyS3 is 5 2|y Qi i
awesome awesome H awesome Ga axyNoteZ.
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CFHIC model for Viral Marketing

Properties of CIIC model
Our Contributions

CFICmodel
CTFIPAalgorithm
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1) CHC model

A We propose a new influence diffusion model -L¢ / far viral
marketing, which generalizes previous models such that

I Anindividual can affect othemultipletimes.
I Marketing has aleadline

[ new)| 1y A(e) "Q (9)
AOG A g, WY

A An efficient algorithm for influence maximization problem
under CIIC model?
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Greedy AlgorithmbY 55Qn08

A Influence maximization even unde&€ model isN\RPHard

A Greedy algorithm: Algorithm 1 Greedy (G, ¥)
I Repeatedlyselect thenode Y i1t b do
which gives_ themo“st 3 ouzam e\ o(SU{v}) —a(S)
marginalgain of,, (Y 5 end for
A Theorem

, (Y satisfiesnon-negativity, monotonicitysubmodularity
t Greedyguarantees approximation ratip  pfQ.

I Y

A CTFIC model satisfies these properties?
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2) Propertiesof CFICmodel

A We prove theTheoremin CHC model,, (¢0) satisfies
non-negativity monotonicity, anasubmodularity

i Non-negativity: (YY) T
i Monotonicity: , (YO , (Y@ for any"YP "Yee
i Submodularity L CY {Uhy)  , (YD)

, (Yee{0I) , (Y for any"YP "Yee

A Thus,Greedyguaranteesapproximation ratiop  pFQ
even under GICmodel.

A An efficient method for computing ("Yi'yj under CIIC model?

I Y
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3) CHPAalgorithm

A Difficulties for computing ("Yi'yj under CTIC model
i Monte Carlo simulation is not scalabfe’ 5 5 @mn 6
i Evaluating, "Y is#P-Hardeven under IC modgpY 55 Qmn6

I We show that its difficult to extendPMIA(the stateof-the-art
algorithm forlC model) to GIC modeéll

A WeproposedCFL t algorithm (anextension o PA®L/ 5P @mo
for calculating, (Y'Y under CHIC model.

Lemma 3: The probability that u € S activates v € V'\S
only through a path p = (u = ug, uy, -+ ,uj—1,u; = v) is

-1
infp(u,v) =[10-- 0] (H CuizLi+1> 1. I]Tr, (2)
i=0

where u; € V\S foralli = 1,--- [, and the order of matrix
multiplication is from ¢ = 0 to [ — 1.
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CFHIC model for Viral Marketing

Characteristic of GIC model
Algorithm Comparison
Experiments

Dataset
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Dataset

A We use four real networks:

Table 1
BASIC INFORMATION OF FOUR REAL DATASET.
Dataset HEP PHY EPINION | AMAZON
Directedness Undir Undir Dir Dir
# of Nodes 15K 37K 76K 262K
# of Edges 59K 232K 509K 1235K
# of Connected 1781 3883 ’ 1
Components
Average Size of 8.6 9.6 38K 262K
Components
0 for CT-IPA 1/32 1/64 1/64 1/16
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Characteristic of GIC model (1)

A Model comparison between IC & ©F models:

Table 11
TOP-20 SEED NODES OF IC MODEL AND CT-IC MODEL SOLUTION.

(a) On PHY

4840 1568 5192 5120 7387
IC model 12081 2356 10653 4115 23571
solution 3460 3808 969 809 5567
2443 3566 5312 6342 3673
4840 5192 5120 1568 809
CT-IC model 4115 2356 3460 23571 12081

solution 7132 3842 10653 4109 3673
6342 3712 2928 3982 2289

(b) On AMAZON

17747 222839 25699 18076 168039
IC model 18337 232448 7266 11129 45391
solution 176067 9657 64815 183084 27562
59541 14461 238375 114241 1385
17747 176067 56415 51234 200657
CT-IC model | 238375 18076 236670 259011 222839
solution 6290 205434 143531 199539 59541
25699 178335 82533 114241 95315
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Characteristic of GIC model (2)

A Effect of marketing time constraifif
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Figure 3. The change of influence spread with respect to 7.



CFIC model for Viral Marketing

16/19

Algorithm Comparison (1)

A Comparison of influence spread:
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Influence spread of various algorithms.
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Algorithm Comparison (2)

A Comparison of processing time:
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Figure 5. Processing time of various algorithms.

I CTFIPAIs four orders of magnitud&asterthan Greedy
while providingsimilar influence spreatb Greedy
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Conclusion
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Conclusion

Existing diffusion models ignore important aspects of real marketi

1) Propose aealisticinfluence diffusion moded /-1¢/ €
for viral marketing.

2) Prove that CIC model satisfies
non-negativity, monotonicity, andubmodularity

3) Propose a scalable algorithi@ FIPA for CFIC model.
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Thank You!
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Supplements
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CFIC model & Other Diffusion models

A Relationship between influence diffusion models:
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