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Influence Maximization

•Which nodes are most influential?

• Applications: Viral Marketing, Epidemiology, Fault Monitoring, Public Health

• Formal Primitives: Graph 𝐺 = 𝑉, 𝐸 , Spread Function 𝜎 𝑆 ↦ ℝ

• Kempe et al. (2003) formulation:

max
-⊆/

𝜎 𝑆 s. t. 𝑆 ≤ 𝑘
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1. Size of domain is 𝒏
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A Brief History

Computationally Challenging

1. Size of domain is 𝒏
𝒌

2. 𝛔(⋅) estimated via expensive Monte Carlo

2019

Us + Li et al. (2019) 

Exact Solutions
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• Fraction of RRR sets in ℜ covered by S: 𝓕ℜ(S)

• Lemma 1:

𝝈 𝑺 = 𝒏 ⋅ 𝔼(𝓕ℜ(S))

• Lemma	2:

If 𝜃 > 8 + 2𝜖 𝑛 m nop qrnop
s
t rnop u

Z[\⋅vw
then 

𝝈 𝑺 − 𝒏 ⋅ 𝓕ℜ(S) <
𝜖
2
𝑂𝑃𝑇
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Step 1: Generate many RRRSs
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Step 2: Greedy Maximum Coverage

for 𝟏: 𝒌

for 𝒗 in 𝑽 ∖ 𝑺

if 𝓕ℜ(S ∪ 𝒗) > 𝐦𝐚𝐱

𝐦𝐚𝐱, 𝒗∗ =𝓕ℜ(S ∪ 𝒗), 𝒗

end if

end for

𝑺 = 𝑺 ∪ 𝒗∗

end for

Step 1: Generate many RRRSs

ℜ = 𝑅`,… , 𝑅b
Step 2: Maximum Coverage

for 𝒔 in 𝒏
𝒌 candidates

if 𝓕ℜ(s) > 𝐦𝐚𝐱

𝐦𝐚𝐱, 𝑺 =𝓕ℜ(s), 𝒗

end if

end for
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𝜎 𝑆��-�� ≥ 𝑛 𝓕 𝑆��-�� −
𝜖
2
OPT

≥ 𝑛 𝓕 𝑆Z[\ −
𝜖
2OPT

≥ 𝝈 𝑆Z[\ −
𝜖
2
OPT −

𝜖
2
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[definition of 𝑆��-��]

[Lemma]
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GPU Implementation

• AWS EC2 Deep Learning Base AMI Linux Version 19.1 Instance - Nividia Tesla K80 

• Python Numba

• Two distributed objects:

1. ℜ = R`,… , R� coded as θ × n array with ℜ�� = TRUE if node j is in R�.

2. C coded as 1 × �
� array with C� representing the number of sets in ℜ

covered by candidate seed set i.



Experiment Parameters

3 Network
Types
• Erdos-Renyi, Watts-Strogatz, 

Scale-Free

+ 29 Parameter 
Configurations

+ 10 Graph 
Instances

+

6-7 Propagation
Probabilities
• 𝑝 ∈ [0.01,0.7]

Network Size 100, 
Seed Set Size 4

+ 1,880 Total 
Simulations
• 180 seconds each

• 4 days total

++

• 𝑞 ∈ [0.1,0.9], 𝛽 ∈ [0,0.9], 

𝛾 ∈ [1.5,4]



Approximations are near optimal
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Weak positive relationship between network density and accuracy
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1.002

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
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 Greedy



Recap

1. RIS-Exact exploits Reverse Influence Sampling to make exact solutions feasible.

2. Top approximation algorithms are almost perfect.

3. Solution accuracy does not depend on network structure.
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RIS Proof Sketch

𝜎 𝑆��- ≥ 𝑛 𝓕 𝑆��- −
𝜖
2
OPT

≥ 1 −
1
𝑒
𝑛 𝓕 𝑺∗ −

𝜖
2
OPT

≥ 1 −
1
𝑒

𝑛 𝓕 𝑆Z[\ −
𝜖
2
OPT
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𝑒
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𝜖
2
OPT −

𝜖
2
OPT

≥ 1 −
1
𝑒
− 𝜖 𝑂𝑃𝑇

[Lemma]

[Greedy submodular error]

[definition of 𝑺∗]

[Lemma]


