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h Problem Overview

Motivation
Some marketing strategies “boost” customers so that they are more likely to be influenced

by friends or to influence their friends.
e E.g., customer incentive programs, social media advertising, referral marketing C7imic s A

Pswo =92 Pug,0q =01 Problem Definition
ps’vo 2004”0’”1 :O' e Problem: Given a graph G = (V, E) with influence probabilities on edges, and a set
— B T AS(E S C V of seeds, find a boost set B C V with k nodes, such that the boost of influence
¢ 1.22 0.00 spread of B denoted by Ag(B) is maximized.
gﬁ 1‘2‘1 géi e Hardness: NP-hard. The computation of A¢(B) given S and B is #P-hard.
{vo,v1} | 148 0.26 e Submodularity: Ag(B) is neither submodular nor supermodular.

Figure 1: Influence Boosting Model

Boosting on General Graphs Boosting: Algorithm Design

Building blocks Steps of PRR-Boost/PRR-Boost-LB
e Potentially Reverse Reachable Graphs (PRR-graphs) . Sampling PRR-graphs for estimating the boost

— Usage: Estimate boost of influence and its lower bound . Node selection according to estimated lower bound
o State-of-the-art influence maximization techniques — PRR-Boost-LB returns here

— Usage: Sampling PRR-graphs . Node selection according to estimated boost
e Sandwich approximation strategy

(B*) Return the “better” solution
— Approx. ratio: Ag(Bsa) > £ (1—1/e—¢€)-OPT

— Ag(B*) — according the to estimated boost of influence
PRR- h R
. — Estimating the boost

- fr(0) =0 With a prob. of at least 1—-n—¢,

: ﬁggg; j PRR-Boost/PRR-Boost-LB

~ fr({va,vs}) =1 o returns a (1 —1/e—¢)- KB

blocked " _ _ AS(B )

..... VIt — Crlgcal no?es \ approximate solution:

— R — V1,03 : :
__lve . — Estimating the lower bound ° haSEPeTXpeCted running t|m92
I upon boost — ur(B) =1(BNCg # 0) O(OPTu°k(k+€)(n—|—M)lOgn/8 )

Figure 3: Example of a compressed PRR-graph
Figure 2: Example of a PRR-graph and related concepts
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. , Figure 5: Sandwich Approximation: A“(—(I?) (50 influential seeds).
(a) Digg (n = 28K, m = 200K, p = 0.239)  (b) Flixster (n — 96K, m — 485K, jp — 0.228) ;
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(C) Twitter (I’l = 323K, m=2.14M, p= 0608) (d) Flickr (I’l = 1.45M, m =2.15M, p= 0013) (a) PRR-Boost (b) PRR-Boost-1B (b) Flickr
Figure 4: Boost of the influence versus & (50 influential seeds). Figure 6: Running time (50 influential seeds). Figure 7: Budget allocation between seeding and boosting.
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