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simplified model here, does not 

include product attributes 𝒀 =
{𝑌1, … , 𝑌𝑘}.  

Computation of revenue includes 

marketing cost, discount, and uses 

naïve Bayes model, etc. to simplify the 

computation. 
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from 𝑓 𝑆 ∪ 𝑇 + 𝑓 𝑆 ∩ 𝑇 ≤ 𝑓 𝑆 +
𝑓 𝑇  to prove 𝑓 𝑆 ∪ 𝑣 − 𝑓 𝑆 ≥
𝑓 𝑇 ∪ 𝑣 − 𝑓(𝑇),  

just consider two sets 𝑆 ∪ 𝑣  and T, 
and apply the first formula 

For the opposite direction, Let 
𝑇\S =  {𝑢1, 𝑢2, … , 𝑢𝑘}, Let 𝑇𝑗 =

{𝑢1, 𝑢2, … , 𝑢𝑗}, let 𝐴𝑗 = (𝑆 ∩ 𝑇) ∪ 𝑇𝑗, 

and let 𝐵𝑗 = 𝑆 ∪ 𝑇𝑗  we have 

𝑓 𝐴𝑗 ∪ 𝑢𝑗+1 − 𝑓 𝐴𝑗 ≥

𝑓 𝐵𝑗 ∪ 𝑢𝑗+1 − 𝑓 𝐵𝑗 , 𝑗 =

0,1,2, … , 𝑗 − 1. 

Summing up all these equations, we 
have 

𝑓 𝑇 − 𝑓 𝑆 ∩ 𝑇 ≥ 𝑓 𝑆 ∪ 𝑇 − 𝑓 𝑆 .  
 





Also referred as greedy hill-climbing 
algorithm, greedy approximation 
algorithm. 
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Based on equivalent live-edge graphs 
• Find a random edge selection 

process, such that each edge is 
either live or blocked, and all live 
edges form a random live-edge 
graph. 

• Show that a diffusion model is 
equivalent to the reachability in 
random live-edge graphs: Given any 
seed set S, the distribution of active 
node sets after the diffusion 
process with seed set S ends is the 
same as the distribution of node set 
reachable from S in a random live-
edge graph. 

• Applicable to both IC and LT model. 
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Use this slide in lieu of the next three 
if running out of time.  
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