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Advanced A* Improvements
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Iterative Deepening A* (IDA*)
▪ Idea: Reduce memory requirement of A* 

by applying cutoff on values of f 
▪ Consistent heuristic function h 
▪ Algorithm IDA*: 

1. Initialize cutoff to f(initial-node) 
2. Repeat: 

a. Perform depth-first search by expanding all 
nodes N such that f(N) ≤ cutoff 

b. Reset cutoff to smallest value f of non-expanded 
(leaf) nodes
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Advantages/Drawbacks of IDA*

▪ Advantages: 
• Still complete and optimal 
• Requires less memory than A* 
• Avoid the overhead to sort the fringe 

▪ Drawbacks: 
• Can’t avoid revisiting states not on the 

current path 
• Available memory is poorly used  

(! memory-bounded search, see R&N p. 101-104)
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Recursive Best-First Search

▪ Recursive algorithm that attempts to mimic 
standard best-first search with linear space. 
• Keeps track of the f-value of the best-

alternative path available. 
• If current f-values exceeds this alternative f-

value than backtrack to alternative path. 
• Upon backtracking change f-value to best f-

value of its children. 
• Re-expansion of this result is thus still possible.
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(simplified) Memory-Bounded A*
▪ Use all available memory. 

▪ I.e. expand best leafs until available memory is full 
▪ When full, SMA* drops worst leaf node (highest f-value) 
▪ Like RFBS backup forgotten node to its parent 

▪ What if all leafs have the same f-value? 
▪ Same node could be selected for expansion and deletion. 
▪ SMA* solves this by expanding newest best leaf and deleting 

oldest worst leaf. 

▪ SMA* is complete if solution is reachable, optimal if optimal 
solution is reachable.
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Further A* Variants

▪ Anytime A* 
▪ Dynamic Weighting Anytime A* 
▪ Dynamic A* 
▪ Theta* 
▪ Accelerated A*
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Anytime A*
Three changes make A* an anytime algorithm: 
1) Use a non-admissible heuristic so that sub-optimal 

solutions are found quickly. 
2) Continue the search after the first solution is found using 

it to prune the open list 
3) When the open list is empty, the best solution generated 

is optimal. 

  How to choose a non-admissible heuristic?
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Anytime A*
How to choose a non-admissible heuristic? 
Weighted evaluation functions: 

f'(N) = (1-w)*g(N) + w*h(N) 
Higher weight on h(n) tends to search deeper. 
• Admissible if h(n) is admissible and w ≤ 0.5 
• Otherwise, the search is non-admissible, but it 

normally finds solutions much faster. 
An appropriate w makes possible a tradeoff between the 
solution quality and the computation time.
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Dynamic Weighting Anytime A*
With dynamic weighting, you assume that at the beginning 
of your search, it’s more important to get (anywhere) 
quickly; at the end of the search, it’s more important to 
get to the goal. 

There is a weight (w >= 1) associated with the heuristic. As 
you get closer to the goal, you decrease the weight; this 
decreases the importance of the heuristic, and increases 
the relative importance of the actual cost of the path. 
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Dynamic A*
▪ There are variants of A* that allow for changes to the world after the 

initial path is computed. D* is intended for use when you don’t have 
complete information. If you don’t have all the information, A* can 
make mistakes; D*’s contribution is that it can correct those mistakes 
without taking much time. 

▪ However, D* require a lot of space to keep around its internal 
information (OPEN/CLOSED sets, path tree, gvalues), and then when 
the map changes, D* will tell you if you need to adjust your path to 
take into account the map changes. 

▪ For a game with lots of moving units, you usually don’t want to keep all 
that information around, so D* isn't applicable. D* is designed for 
robotics, where there is only one robot―you don’t need to reuse the 
memory for some other robot’s path.
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Theta*

▪ Sometimes grids are used for pathfinding because the map 
is made on a grid, not because you actually want movement 
on a grid. A* would run faster and produce better paths if 
given a graph of key points (such as corners) instead of 
the grid. However if you don’t want to precompute the 
graph of corners, you can use Theta*, a variant of A* that 
runs on square grids, to find paths that don’t strictly 
follow the grid. When building parent pointers, Theta* will 
point directly to an ancestor if there’s a line of sight to 
that node, and skips the nodes in between.
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Accelerated A*

▪ Trajectory planning in the 4D space (3D+time) 
– represented by OctanTrees  
– dynamic search step, function of the proximity to an obstacle 

or a waypoint
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Local Search
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Local Search

▪ Light-memory search method  
▪ No search tree; only the current state is 

represented! 
▪ Only applicable to problems where the path is 

irrelevant (e.g., 8-queen), unless the path is 
encoded in the state 

▪ Many similarities with optimisation techniques
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Gradient Descent
1) S " initial state 
2) Repeat: 

a) S’ " arg minS’∈SUCCESSORS(S){h(S’)}  

b) if GOAL?(S’) return S’  
c) if h(S’) < h(S)  then S " S’  else return failure 

Similar to: 
- hill climbing with –h 
- gradient descent over continuous space



Application: 8-Queen
Repeat n times: 
1) Pick an initial state S at random with one queen in each column 
2) Repeat k times: 

a) If GOAL?(S) then return S 
b) Pick an attacked queen Q at random  
c) Move Q in its column to minimize the number of attacking 

queens ! new S  [min-conflicts heuristic] 
3) Return failure
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Why does it work ??? 
1) There are many goal states that are  

  well-distributed over the state space 
2) If no solution has been found after a few  

  steps, it’s better to start it all over again.  
  Building a search tree would be much less  
  efficient because of the high branching  
  factor 

3) Running time almost independent of the  
  number of queens



1) S " initial state 
2) Repeat: 

a) S’ " arg minS’∈SUCCESSORS(S){h(S’)}  

b) if GOAL?(S’) return S’  
c) if h(S’) < h(S)  then S " S’  else return failure 

may easily get stuck in local minima 
! Random restart (as in n-queen example) 
! Monte Carlo descent
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Gradient Descent
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Monte Carlo Descent
1) S " initial state 
2) Repeat k times: 

a) If GOAL?(S) then return S 

b) S’ " successor of S picked at random   
c) if h(S’) ≤ h(S)  then S " S’ 
d) else  

- Δh = h(S’)-h(S) 
- with probability ~ exp(−Δh/T), where T is called the “temperature”, 

do: S " S’             [Metropolis criterion] 

3) Return failure 

Simulated annealing lowers T over the k iterations.  
It starts with a large T and slowly decreases T
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Simulated Annealing
1) S " initial state 
2) Repeat k times: 

a) If GOAL?(S) then return S 

b) S’ " successor of S picked at random   
c) if h(S’) ≤ h(S)  then S " S’ 
d) else  

- Δh = h(S’)-h(S) 
- with probability ~ exp(−Δh/T), where T is called the “temperature”, 

do: S " S’             [Metropolis criterion] 

3) Return failure 

Simulated annealing lowers T over the k iterations.  
It starts with a large T and slowly decreases T
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“Parallel” Local Search Techniques

They perform several local searches 
concurrently, but not independently: 
▪ Beam search 
▪ Genetic algorithms 

See R&N, pages 115-119
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Local Beam Search

Idea: keep k states instead of 1; choose top k of all their 
successors  

Not the same as k searches run in parallel. Searches that 
find good states recruit other searches to join them 

Problem: quite often, all k states end up on same local hill 
Idea: choose k successors randomly, biased towards good 
ones 
Observe the close analogy to natural selection!
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Genetic Algorithms

Idea: stochastic local beam search + generate 
successors from pairs of states
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Genetic Algorithms

GAs require states encoded as strings (GPs use programs) 
Crossover helps iff substrings are meaningful components
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Search problems

Blind search

Heuristic search:  
best-first and A*

Construction of heuristics Local searchVariants of A*


