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Machine Learning  

Machine Learning highly successful discipline with lots of 
applications  

Spam detection  Computational Biology  Computer Vision 
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Learning Submodular Functions 

Å Learning valuation functions of users for 
combinatorial auctions  

Å Learning the influence function in information 
diffusion networks, e.g., social networks  

Å Learning value function of various coalitions of 
agents in cooperative game theory  

This talk :  learning problems that can be modeled as 
learning combinatorial functions satisfying diminishing 
returns, submodular functions.  

Relevant to many AAMAS related settings .  E.g.: 



Learning Submodular Functions 
In large multi -agent systems (many users, huge networks) 
cannot assume these core objects (e.g., valuation functions, 

influence functions, values of coalitions)  are known in advance. 

Techniques for learning them, better decision making.  



Structure of the talk  

ÅStandard formulation for learning from data.  

ÅSubmodular functions.  

ÅLearning submodular functions.  

With connections and applications to Algorithmic 
Game Theory, Economics, Social Networks.  



Supervised Machine Learning  
Å E.g., which emails are spam and which are important.  

Å E.g., will a news article be of interest to a user; will a car deal 
or sale would be of interest to a user.  

Not spam spam 



example label 

Reasonable RULES: 

 Predict SPAM if unknown AND (money OR pills)  

 Predict SPAM if 2money + 3pills ð5 known > 0 

Represent each message by features. (e.g., keywords, spelling, etc.)  

Example: Supervised Classification  
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Linearly separable  



Two Main Aspects of Machine Learning  

Algorithm Design. How to optimize?  

Automatically generate rules that do well on observed data (via 

fast computationally efficient algorithms).  

Generalize beyond what we seen in the training phase. 

Need future in some way similar to the past.  

Need minimal structural assumptions about target.  



   Labeled Examples   

Statistical / PAC learning model  

Learning 
Algorithm  

Expert / Oracle  

Data Source  

Alg.outputs  

Distribution D on X  

f : X  ! {0,1} 

(x 1,f(x 1)),é, (xk,f (xk)) 

g : X !  {0,1} 
+ 

+ 

- - 
+ 
+ - - 

- 



   Labeled Examples   

Learning 
Algorithm  

Expert / Oracle  

Data Source  

Alg.outputs  f : X  ! {0,1} 
g : X !  {0,1} 

(x 1,f(x 1)),é, (xk,f (xk)) 

Å Algo sees (x1,f(x 1)),é, (xk,f (xk)), x i i.i.d. from D,  produces g. 

Probably Approximately Correct  (PAC) 

ÅWant:  with  probability ¸  1-± we have Prx[g(x) =f (x) ]¸  1-² 

Distribution D on X  

Statistical / PAC learning model  

+ 

+ 

- - 
+ 
+ - - 

- 



Å Successful algorithms (e.g., Boosting, SVM).  

Å Can learn important classes of Boolean functions:  

+ 

+ 

- - 
+ 
+ - - 

- 

This talk: how well we can learn an important class of 

combinatorial  real -valued fns , submodular functions.  

Supervised Machine Learning  

Å linear separators  

Å kernelized  linear separators  (i.e., linear separators in 

implicit higher dim features spaces)  



Structure of the talk  

ÅStandard formulation for learning from data.  

ÅSubmodular functions.  

ÅLearning submodular functions.  

With connections and applications to Algorithmic 
Game Theory, Economics, Social Networks . 



Submodular functions  

Å First of all, itõs a function over sets.  

Å e.g., value on some set of items in a store.  

Å Ground set V={1,2, é, n}. 



Submodular functions  

x S      T 

x 

+ 

+ 

Large improvement  

Small improvement  

For T µ  S, xÎS, f(T [  {x}) ð f(T)  ¸  f(S [  {x}) ð f(S)  

T S S [  T 

SÅT 

+ + ¸  

Å Equivalent decreasing marginal return:  

  For all S,T µ  V: f(S)+f(T)  ¸  f(S Å T)+f(S [  T)  

 

 

Å V={1,2, é, n}; set-function f : 2 V !   R submodular if  



Submodular functions  

For T µ  S, xÎS, f(T [  {x}) ð f(T)  ¸  f(S [  {x}) ð f(S)  

Å V={1,2, é, n}; set-function f : 2 V !   R submodular if  

E.g., 

+ 

x 

x 

+ 

+ 

Large improvement  

Small improvement  S      

T 



Coverage and Reachability Functions  

ί 

ί 

Å Reachability function : 

ὃ  

ὃ  

Å Coverage f unction:  Let ὃȟȣȟὃ  be sets.  
For each S ṖV, let f(S) = | ẕ ὃᶰ |  

E.g., in a network, ὃ nodes reachable from s 

 ὪὛ  # nodes reachable from Ὓ. 



Coverage and Reachability Functions  
Å Reachability function : 

E.g., in a network, ὃ nodes reachable from s 

 ὪὛ  # nodes reachable from Ὓ. 

Å Marginal value of x given  S is # number of new nodes that x can 
reach, but cannot be reached from any of the nodes in S. 

Å ὝṒ Ὓ, ὼɵ Ὓ, more chance reach new nodes when adding x to T, than 
when adding x to S. 

ί 

ί 

ὃ  

ὃ  

Diminishing Returns  



Reachability function is submodular  

Ὕ ίȟ 
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Ὓ ίȟίȟ 
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ὼ ὼ 

ὪὝ᷾ ὼ ὪὝ                       ὪὛ᷾ ὼ  ὪὛ  

Marginal value of ὼ  # new nodes reachable from ὼ. 
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