SEARCH STRATEGIES
The majority of work in the area of search has gone into finding the right search strategy for a
problem. In our study of the field we will evaluate strategies in terms of four criteria:
1. Completeness: is the strategy guaranteed to find a solution when there is one?
2. Time complexity: how long does it take to find a solution?
3. Space complexity: how much memory does it need to perform the search?
4. Optimality: does the strategy find the highest-quality solution when there are several different solutions?7
This section covers six search strategies that come under the heading of uninformed search. The term means that they have no information about the number of steps or the path cost from the current state to the goal—all they can do is distinguish a goal state from a nongoal state.

Uninformed search is also sometimes called blind search.
Consider again the route-finding problem. From the initial state in Arad, there are three actions leading to three new states: Sibiu, Timisoara, and Zerind. An uninformed search has no preference among these, but a more clever agent might notice that the goal, Bucharest, is southeast of Arad, and that only Sibiu is in that direction, so it is likely to be the best choice.

Strategies that use such considerations are called informed search strategies or heuristic search strategies, and they will be covered in Chapter 4. Not surprisingly, uninformed search is less effective than informed search. Uninformed search is still important, however, because there are many problems for which there is no additional information to consider. The six uninformed search strategies are distinguished by the order in which nodes are expanded. It turns out that this difference can matter a great deal, as we shall shortly see.

Breadth-first search

One simple search strategy is a breadth-first search. In this strategy, the root node is expanded first, then all the nodes generated by the root node are expanded next, and then their successors, and so on. In general, all the nodes at depth d in the search tree are expanded before the nodes at depth  d + 1. Breadth-first search can be implemented by calling the GENERAL-SEARCH algorithm with a queuing function that puts the newly generated states at the end of the queue, after all the previously generated states:

function BREADTH-FlRST-SEARCH(/wWem) returns a solution or failure

return GENERAL-SEARCH( problem,ENQUEUE- AT-END)

Breadth-first search is a very systematic strategy because it considers all the paths of length 1 first, then all those of length 2, and so on. Figure 3.11 shows the progress of the search on a simple binary tree. If there is a solution, breadth-first search is guaranteed to find it, and if there are several solutions, breadth-first search will always find the shallowest goal state first. In terms of the four criteria, breadth-first search is complete, and it is optimal provided the path cost is a no decreasing function of the depth of the node. (This condition is usually satisfied only when all operators have the same cost. For the general case, see the next section.)

So far, the news about breadth-first search has been good. To see why it is not always the strategy of choice, we have to consider the amount of time and memory it takes to complete a search. To do this, we consider a hypothetical state space where every state can be expanded to yield b new states. We say that the branching factor of these states (and of the search tree) is b. The root of the search tree generates b nodes at the first level, each of which generates b more nodes, for a total of b2 at the second level. Each of these generates b more nodes, yielding b3 nodes at the third level, and so on. Now suppose that the solution for this problem has a path length of d. Then the maximum number of nodes expanded before finding a solution is
1 + b + b2 + b3 + • • • + bd

This is the maximum number, but the solution could be found at any point on the Jth level. In the best case, therefore, the number would be smaller.

Those who do complexity analysis get nervous (or excited, if they are the sort of people who like a challenge) whenever they see an exponential complexity bound like O(bd). Figure 3.12 shows why. It shows the time and memory required for a breadth-first search with branching factor b = 10 and for various values of the solution depth d. The space complexity is the same as the time complexity, because all the leaf nodes of the tree must be maintained in memory at the same time. Figure 3.12 assumes that 1000 nodes can be goal-checked and expanded per second, and that a node requires 100 bytes of storage. Many puzzle-like problems fit roughly within these assumptions (give or take a factor of 100) when run on a modern personal computer or workstation.

There are two lessons to be learned from Figure 3.12. First, the memory requirements are a bigger problem for breadth-first search than the execution time. Most people have the patience to wait 18 minutes for a depth 6 search to complete, assuming they care about the answer, but not so many have the 111 megabytes of memory that are required. And although 31 hours would not be too long to wait for the solution to an important problem of depth 8, very few people indeed have access to the 11 gigabytes of memory it would take. Fortunately, there are other search strategies that require less memory.

The second lesson is that the time requirements are still a major factor. If your problem has a solution at depth 12, then (given our assumptions) it will take 35 years for an uninformed search to find it. Of course, if trends continue then in 10 years, you will be able to buy a computer that is 100 times faster for the same price as your current one. Even with that computer, however, it will still take 128 days to find a solution at depth 12—and 35 years for a solution at depth 14. Moreover, there are no other uninformed search strategies that fare any better. In general, exponential complexity search problems cannot be solved for any but the smallest instances.

Uniform cost search

Breadth-first search finds the shallowest goal state, but this may not always be the least-cost solution for a general path cost function. Uniform cost search modifies the breadth-first strategy by always expanding the lowest-cost node on the fringe (as measured by the path cost g(n)), rather than the lowest-depth node. It is easy to see that breadth-first search is just uniform cost search with g(n) = DEPTH(«).

When certain conditions are met, the first solution that is found is guaranteed to be the cheapest solution, because if there were a cheaper path that was a solution, it would have been expanded earlier, and thus would have been found first. A look at the strategy in action will help explain. Consider the route-finding problem in Figure 3.13. The problem is to get from S to G, and the cost of each operator is marked. The strategy first expands the initial state, yielding paths to A, B, and C. Because the path to A is cheapest, it is expanded next, generating the path SAG, which is in fact a solution, though not the optimal one. However, the algorithm does not yet recognize this as a solution, because it has cost 11, and thus is buried in the queue below the path SB, which has cost 5. It seems a shame to generate a solution just to bury it deep in the queue, but it is necessary if we want to find the optimal solution rather than just any solution. The next step is to expand SB, generating SBG, which is now the cheapest path remaining in the queue, so it is goal-checked and returned as the solution.

Uniform cost search finds the cheapest solution provided a simple requirement is met: the cost of a path must never decrease as we go along the path. In other words, we insist that
g(SlJCCESSOR(n)) > g(n) for every node n.

The restriction to no decreasing path cost makes sense if the path cost of a node is taken to be the sum of the costs of the operators that make up the path. If every operator has a nonnegative cost, then the cost of a path can never decrease as we go along the path, and uniform-cost search can find the cheapest path without exploring the whole search tree. But if some operator had a negative cost, then nothing but an exhaustive search of all nodes would find the optimal solution, because we would never know when a path, no matter how long and expensive, is about to run into a step with high negative cost and thus become the best path overall.
Depth-first search
Depth-first search always expands one of the nodes at the deepest level of the tree. Only when the search hits a dead end (a nongoal node with no expansion) does the search go back and expand nodes at shallower levels. This strategy can be implemented by GENERAL-SEARCH with a queuing function that always puts the newly generated states at the front of the queue. Because the expanded node was the deepest, its successors will be even deeper and are therefore now the deepest. The progress of the search is illustrated in Figure 3.14.
Depth-first search has very modest memory requirements. As the figure shows, it needs to store only a single path from the root to a leaf node, along with the remaining unexpanded sibling nodes for each node on the path. For a state space with branching factor b and maximum depth m, depth-first search requires storage of only bm nodes, in contrast to the bd that would be required by breadth-first search in the case where the shallowest goal is at depth d. Using the same assumptions as Figure 3.12, depth-first search would require 12 kilobytes instead of 111 terabytes at depth d=12,a factor of 10 billion times less space.
The time complexity for depth-first search is O(bm). For problems that have very many solutions, depth-first may actually be faster than breadth-first, because it has a good chance of finding a solution after exploring only a small portion of the whole space. Breadth-first search would still have to look at all the paths of length d - 1 before considering any of length d.
Depth-first search is still O(bm) in the worst case.

The drawback of depth-first search is that it can get stuck going down the wrong path.
Many problems have very deep or even infinite search trees, so depth-first search will never be able to recover from an unlucky choice at one of the nodes near the top of the tree. The search will always continue downward without backing up, even when a shallow solution exists. Thus, on these problems depth-first search will either get stuck in an infinite loop and never return a solution, or it may eventually find a solution path that is longer than the optimal solution. That means depth-first search is neither complete nor optimal. Because of this, depth-first search should be avoided for search trees with large or infinite maximum depths.
It is trivial to implement depth-first search with GENERAL-SEARCH: 

function DEPTH-FlRST-SEARCH(proWem) returns a solution, or failure GENERAL-SEARCH(/7roWem,ENQUEUE-AT-FRONT)

It is also common to implement depth-first search with a recursive function that calls itself on each of its children in turn. In this case, the queue is stored implicitly in the local state of each invocation on the calling stack.
