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Outline 

•  Motivation - Analyze GP population in a statistical 
sense  

•  Graphical Models (GM) 
–  Capture dependencies  

•  Analysis of different GP setups using GM 
•  Conclusions & Future Work 



Graphical Models of GP Populations 

•  What are the dependencies between the 
nodes in a GP population? 

•  In GP there are stochastic local operators 
–  What emerges globally? 

•  Can a model which describes the 
dependencies in the population give 
information about the GP search? 

•  Not done previously because 
unconstrained GMs can be difficult to 
induce 

Graphical Model 
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Example Graphical Model 

The GM describes the directed dependencies in the population, e.g. can be used for regenerating 
the sample trees 

GP Population to a Statistical 
Distribution 



How is the GM induced 

•  Search and score induction of a GM 
–  Score is the Bayesian Score, to find simple models that fit the 

data 
–  Search is performed by an evolutionary algorithm trying 

different combinations of edge orders 
–  Computationally efficient by using caching 

•  To evaluate an order, R we go through every node, X from 
first to last.  
–  For a node X, we go through the ranked list of its possible 

parent sets  
»  Stopping at the first parent set consistent with the order R. This is 

the optimal parent set for the node X, subject to the order R and 
the indegree constraint.  

–  We continue until we have found the optimal parent set for 
each node. 

GP setups 

•  GP setups 
–  Only Crossover 
–  Only Mutation 
–  Only Selection (No operators) 



GP Parameters 
Parameter Value 

Language {x, y, 0.1, 1, +, -, *, /} 

Problem Pagie2d (f(x,y) = 1/(1+1/x^4) + 1/(1+1/y^4)) 

Runs 30 

Population 10000 

Generations 40 

Crossover 0.9 (0.0) 

Mutation 0.0 (1.0) 

Selection Tournament (7) 

Initialization Ramped Half-Half 

Max Depth 5 

Only Crossover 



Only Crossover 
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GP Combined Graphical Model 
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Local Patterns 
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• Determine the dependencies in the patterns 
by statistically analyzing a GP run, learning 
the Bayesian network of the population for 
each iteration 
• Apply local patterns recursively 
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What does a GM say 

•  Dependencies shows the ideal way to generate a sample if the existing 
sample should be replicated (thus root first might not always be the best) 

•  Standard GP is almost completely independent when generating samples, 
but the GM finds dependencies. 

•  The number of edges in the crossover setup is higher than a random 
population 

•  The number of edges in a homogenous setup is very high, reaching the 
maximum limit of connections. Variation in edges due to stochastic GM 
learning model 

•  The number of edges with always mutation is the same as for a random 
population, but the structure is different 

•  Why are there few edges in the final generation and what does the hump 
mean? 

Future Work 

•  Pool all samples and take top fitness slice and 
induce a GM  

•  Fitness value as a conditional value for the GM 
•  Learn a full unconstrained GM for each iteration. 

Can this replicate GPs GM? 
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