
 Hamed Hassani, University of Pennsylvania

 

Workshop on Local Algorithms (WOLA)
June 15th, 2018

Decentralized Submodular Maximization: 
Bridging Discrete and Continuous Settings

Joint work with: Aryan Mokhtari        Amin Karbasi



The Decentralized Setting 

Computing units distributed geographically

Perform a global task (e.g. optimize a global function)

Each unit has only access to a small portion of the problem (data)

Data can’t be shared due to communication, storage, privacy constraints

So the units have to cooperate/communicate with each other …
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Submodular Functions 

 The “diminishing returns” property:

 Submodular maximization:

 Greedy algorithm:                -approximation

Monotonicity: f(A)  f(B) Graph cut

Coverage (vertex or set cover)

Entropy

Feature selection

Experimental design 

Social Influence Maximization



Decentralized Submodular Maximization 

 Decentralized convex optimization

Outline for the rest of the talk:

Continuous extensions of submodular functions

Centralized maximization of the continuous extension

The Decentralized Continuous Greedy (DCG) algorithm

Experiments
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Continuous Greedy algorithm provides a 
           (1 - 1/e)-OPT solution
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The Continuous Greedy Algorithm provides a tight (1-1/e)-optimum solution

[Calinescu, Chekuri, Vondrak 2011]
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Decentralized Continuous Greedy (DCG) 

Theorem: By choosing                     , for any node   we have: ↵ = O(1/
p
T ) j

 where   is the second largest magnitude of the eigenvalues of the weight matrix    . W�

Note: There are many other details (computing gradients, assumptions, choice of the weights, etc)



Experiments

Line graph Complete graph Erdos-Renyi Graph



Experiments

MovieLens-1M data set, data distributed evenly between 100 nodes (units)

Task: Find k movies that are most satisfactory
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Thank you!


