
 A heuristic h is admissible (optimistic) if: 
 
 where             is the true cost to a nearest goal 
 
Consistency: 
 

Real cost must always exceed reduction in heuristic 
 

Consistent but not admissible? 
Admissible, but not consistent? 

Straight line distance? 
 

What’s wrong with A* if admissible but inconsistent? 
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h = 0, g=11 
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g = 10 h = 0 
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Optimality of A* Graph Search 
Proof: 
 New possible problem: some n on path to 

G* isn’t in queue when we need it, 
because some worse n’ for the same state 
dequeued and expanded first (disaster!) 

 Take the highest such n in tree 
 Let p be the ancestor of n that was on the 

queue when n’ was popped 
 Assume f(p) < f(n) 
 f(n) < f(n’) because n’ is suboptimal 
 p would have been expanded before n’ 
 Contradiction! 

 



Here’s an example of when A* will fail using a heuristic that is admissible but 
not consistent. Let’s say you’re trying to drive to an arbitrary goal as quickly 
as possible going through several spots. 

 
          -----------(S) 

 t=50min   /----\ t=45min 
    --------(A)----(B) 
     ----------\----/ 
 t = 15min   \--/ t = 15min 
     -----------(G)------------ 

 

Let's say that you decide that an appropriate heuristic to use is the straight-line 
distance of each point to the destination. Here are the distance values: 
S = 75 mi, A = 3 mi,  B = 40 mi, G = 0 mi 
 

This heuristic is admissible because h-values for each node are less than their 
actual value: 
A: 3 < 50, B: 40 < 45, G: 0 < 15  
 

…. 



The graph shown below gives an example of A* going wrong 
when the heuristic is admissible but not consistent. An A* 
search which is at state [h=8] will look the left and right 
choices and see g=3+4=7 and g=4+2=6, respectively. It will 
take the right path because of it's low heuristic even though 
the left path is optimal. It's admissible because both h=8, h=2 
and h=4 do not overestimate the true cost of the path to the 
goal, however it's inconsistent because 4 < 8-2 for the left 
path and 3 < 8-4 for the right. 
 
     [h=8] 
  3  /      \  4 
    /           \ 
[h=4]         [h=2] 
    \           / 
5   \      /  5 
    [GOAL] 



Genetic Algorithms 

 Genetic algorithms use a natural selection metaphor 
 Like beam search (selection), but also have pairwise 

crossover operators, with optional mutation 
 Probably the most misunderstood, misapplied (and even 

maligned) technique around! 
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Example: N-Queens 

 Why does crossover make sense here? 
 When wouldn’t it make sense? 
 What would mutation be? 
 What would a good fitness function be? 
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 Choose a policy representation (π: S → A) 
 Set of parameters that determine policy 
 e.g. weights of a neural network action selector 

 
 
 

 Search “parameter space” with an optimization 
technique 
 Evolutionary computation 
 simulated annealing 
 hill climbing 
 etc. 

Policy Search Methods 

s a 
x1 
x2 
x3 



NEAT  
[Stanley & Miikkulainen, ‘02] 

 NeuroEvolution of Augmenting Topologies: 
 Evolves neural networks with a genetic algorithm 

 Evaluate each policy in a population 
 Learns structure and weights via: 
 Mutation 
 Genetic crossover 
 Adding nodes 
 Adding links 



 2nd row: Introduction 
 3rd row: crossover problems: 2.2 & Fig 1 
 4th row: Speciation: 2.3 & 2.4 



 Fitness function 
 Population 
 Types of problems can solve 
 http://nn.cs.utexas.edu/pages/research/rocket/ 

 Co-evolution 
 http://www.cs.utexas.edu/users/nn/pages/rese

arch/neatdemo.html 
 http://www.cs.utexas.edu/users/nn/pages/rese

arch/robotmovies/clip7.gif 
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