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Submodular Functions

• Cut Capacity Functions 
• Matroid Rank Functions 
• Entropy Functions 
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Optimizing Submodurlar Functions

• Minimization --- Polynomial Algorithms 
Grötschel,Lovász,Schrijver (1981) 
Schrijver (2000),
Iwata, Fleischer, Fujishige (2000)
Iwata, Orlin (SODA 2009)

• Maximization --- Approximation Algorithms
Nemhauser, Wolsey, Fisher (1978)
Feige, Mirrokni, Vondrák (FOCS 2007)
Vondrák (STOC 2008)



Approximate Maximization
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Approximate Maximization
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Approximate Maximization
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Construct a set function     such that 

For what function      is this possible?

Approximating Submodular Functions
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Remarks
for cut capacity functions 

for general monotone
submodular functions



Cut Capacity Functions
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Monotone Submodular Functions
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Approximating Submodular Functions
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Approximating Submodular Functions

• Algorithm with 
for matroid rank functions. 

• Algorithm with 
for monotone submodular functions.

• No polynomial algorithm can achieve 
a factor better than 
even for matroid rank functions.   
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Submodular Load Balancing
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Svitkina & Fleischer (2008)

Monotone Submodular Functions

Scheduling
2-Approximation Algorithm
Lenstra, Shmoys, Tardos (1990)
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Submodular Max-Min Fair Allocation
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Ellipsoidal Approximation
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Ellipsoidal Approximation
:K
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Centrally Symmetric Convex Body 

Maximum Volume Inscribed Ellipsoid
(The John Ellipsoid)



Ellipsoidal Approximation
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Ellipsoidal Approximation
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Ellipsoidal Approximation
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Symmetrized Polymatroids
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Symmetrized Polymatroids
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Approximate Decision Problem

• Find an                such that                        or

• Certify that   
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Axis-Aligned Ellipsoidal Approximation
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Axis-Aligned Ellipsoidal Approximation
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Axis-Aligned Ellipsoidal Approximation
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• For matroid rank functions,            
• For general monotone submodular 

functions,  

Approximate Decision Problem
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Approximate Decision Problem
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Approximate Decision Problem
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Open Problem

• A Constant Factor Approximation 
Algorithm for Separable Convex Quadratic 
Function Maximization over Polymatroids. 
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