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Motivating Applications
Influence maximization 

with  productsk

Sensor placement with  sensor typesk

Online advertising

 impressionsn  advertisersk
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Our algorithm extends to submodular maximization 
with a partition matroid constraint 
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Experimental Results

Synthetic instances of influence maximization

 different topicsk = 10



Experimental Results

Sensor placement on the Intel  Lab dataset [Bodik et al. ’04]

 types of sensorsk = 3


