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ABSTRACT

This paper focuses to analyze why in some situations,
the complexity of searching rises to worst case? Such
analysis can be understood by reviewing basic features
of the considered tree searching algorithms. In this
work, we have stick up to the selected five algorithms
DFS, BFS, A*,IDA*, Hill climbing from the categories of
Brute Force Searches and Heuristic Searches .While
making rigorous analysis of them, we take into
considerations, all the research inventions and
contemporary changes made into them. We feel that
this paper can be a lucid note for elementary
researchers in computational complexities.
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1. INTRODUCTION

Search,

In complexity analysis, numerical methods are
preferred over other methods because of their
efficiency and repeatability [2,19].Within numerical
methods, those based on optimality criteria are to be
preferred because they allow for hypothesis testing
and tree comparisons based on objective measures.
However, methods based on optimality criteria are
more time consuming [19]. The reason for this is
simple, in order to choose an optimal solution,
multiple solutions need to be compared. The main
optimality criteria are maximum likelihood. Brute
force can not give us a clue for maximum likelihood
where as heuristics does .While their limits on
efficient searches differ due to the computation
requirements by each method, the issues discussed in
this chapter apply, at least in principle, to both search
methodologies. Finding the optimal tree for a given
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problem space is called tree search and is a NP
complete problem [15], a problem that is unlikely to
have a solution in polynomial time. Tree searches are
difficult to understand due to the exponential growth
of possibilities when increasing the number of nodes
or levels in the tree. Usually it is understood when we
traverse down in the tree, traverse down to greater
depth, in the search of a solution or a goal. If a search
method were to compare against all possible trees
using an explicit enumeration technique, an
optimality value i.e., score for maximum likelihood
would be assigned to each type of tree and those that
optimize the selected criterion would be chosen[23].
However, this does not happen in reality as explicit
enumeration is not a very efficient method and there
are many algorithmic speedups that will find the
optimal solution without the burden of evaluating all
possible trees [19]. An alternative solution to explicit
enumeration is the use of shortcuts that guarantee
finding all optimal trees. The most common shortcut
is the heuristics algorithm [18]. Indeed most
investigators used different types of heuristics to
attempt achieving an optimal solution.
It was a common question before all researchers
where they often wonder what heuristic algorithms
will yield the best and fastest result [25,27]. The
answer to this question is not trivial since tree search
depends not only on the number of nodes in it, but
also on the structure of the analyzed data tree. The
only good recipe one can receive for performing tree
searches would be dataset specific, and therefore only
by understanding the algorithms involved. Then only,
the researcher will be able to design a proper search
strategy. Nonetheless, certain techniques tend to
work better than others for most data sets, and this
knowledge can be used as a starting point for
experimenting and fine-tuning the tree search
algorithms. The intention of this chapter is two folds,
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one to review selected tree search algorithms /
search strategies that can be applied to a problem
space and the second objective is to stimulate to
implement recent developments in the search
strategies. The algorithms discussed here apply in
general to both brute force and heuristic searches. We
start with most general search algorithms, bruteforce searches. Since they do not require any domain
specific knowledge, all that is required for them is a
state description, a set of legal operators, an initial
state and a description of the goal state

2. REVIEWING PRESENT STATUS
2.1 BREADTH FIRST SEARCH

Breadth-first search expands nodes in order of their
distance from the root, generating one level of the
tree at a time until a solution is found. Since it always
expands all nodes at a given depth before expanding
any nodes at a greater depth, the first solution path
found by breadth-first search will be one of shortest
length It is most easily implemented by maintaining a
queue of nodes, initially containing just the root, and
always removing the node at the head of the queue,
expanding it, and adding its children to the tail of the
queue. Since it never generates a node in the tree
until all the nodes at shallower levels have been
generated, breadth-first search always finds a
shortest path to a goal. The amount of time used by
breadth-first search is proportional to the number of
nodes generated, since each node can be generated in
constant time, and is a function of the branching
factor and the solution depth [20, 24]. Since each level
of the tree must be saved in order to generate the
next level, and the amount of memory is proportional
to the number of nodes stored, the space complexity
of breadth-first search is also proportional to the
number of nodes explored. As a result, breadth-first
search is severely space-bound in practice. As a
practical matter, a breadth-first search of most
problem spaces will exhaust the available memory
long before an appreciable amount of time is used.
The reason for this is that the typical ratio of memory
to speed in modern computers is a million words of
memory for each million instructions per second
(MIPS) of processor speed. For example, if we can
generate a million states per minute and require a
word to store each state, memory will be exhausted in
one minute [15,25, 29].

2.2 DEPTH FIRST SEARCH

Depth-first search avoids this memory limitation. It
works by always generating descendant of the most
recently expanded node, until some depth cutoff is
reached, and then backtracking to the next most
recently expanded node and then continue with same
logic by generating one of its descendants. Therefore,
only the path of nodes from the initial node to the
current node must be stored in order to execute the
algorithm Depth-first search remedies the space
limitation of breadth-first search by always
generating next a child of the deepest unexpanded
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node. It works on LIFO mechanism as it uses a stack
to store explored node. More commonly, depth-first
search is implemented recursively, with the recursion
stack taking the place depth. The reason is that the
algorithm only needs to store a stack of nodes on the
path from the root to the current node. The time
complexity of a depth-first search is proportionate to
the depth of the tree as DFS generates the same set of
nodes as breadth-first search, but simply in a
different order. Thus, as a practical matter, depth-first
search is time-limited [9,20,24]. Since the space used
by depth-first search grows only as the log of the time
required, the algorithm is time-bound rather than
space-bound in practice. The main drawback,
however, to depth-first search is the requirement for
an arbitrary cutoff depth. If branches are not cut off
and duplicates are not checked for, the algorithm may
not terminate. The another disadvantage of depthfirst search is that it may not terminate on an infinite
tree, but simply go down the left-most path forever.
Although the ideal cutoff is the solution depth d, this
value is rarely known in advance of actually solving
the problem. If the chosen cutoff depth is less than d,
the algorithm will fail to find a solution, whereas if the
cutoff depth is greater than d, a large price is paid in
execution time, and the first solution found may not
be an optimal one A variation of DFS called, Depthfirst iterative-deepening (DFID) combines the best
features of breadth-first and depth-first search [15,
18]. Some times, breadth-first search may be much
more efficient than any depth-first search. Its because
, the complexity of breadth-first search grows only as
the number of nodes at a given depth, while the
complexity of depth-first search depends on the
number of paths of a given length[25].

The problem with all BFS and DFS based search
algorithms is that their time complexities grow
exponentially with the problem size .This is called as
combinatorial explosion and as a result , the size of
problems that can be solved with these techniques is
quite limited . For example, while the eight puzzle
with about 10 3 states, it is easily solved by BFS; the
fifteen puzzle contains 1013 states and hence can not
be solved with BFS on current machines. To
overcome these sort of difficulties, we have to either
enhance the hardware constraints or refine the
search strategies such that solutions can be
intelligently searched. Heuristic search is one such
innovative approach for intelligent searching. In
order to solve larger problems, heuristics algorithms
demands domain-specific knowledge must be added
to improve search efficiency [25,29].

The DFS and its variants are called backtracking
search and use relatively less memory as only one
successor is generated at a time rather than all
successors. Each partially expanded node remembers
which successor to generate next. These are the most
common algorithm for solving constraint satisfaction
problem (CSP). A constraint satisfaction problem is a
special kind of search problem in which states are
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defined by the values of a set of variables and the goal
test specifies a set of constraints that the value must
obey. Constraint may be higher order, Unary or
binary. When search is applied to a constraint
problem, it is called as constraint search. A constraint
search does not refer to any specific search algorithm
but to a layer of complexity added to existing
algorithms that limit the possible solution set [21].
Heuristic and acquired knowledge can be combined
to produce the desired results [28].

Heuristic is a problem specific knowledge that
decreases expected search efforts. It is a technique
which some times work but not always. Heuristic
search algorithms use information about the problem
to help directing the path through the tree search
space. These searches use some functions that
estimate the cost from the current state to the goal
presuming that such function is efficient. Generally
heuristic incorporates domain knowledge to improve
efficiency over blind search. In AI, heuristic search
has a general meaning, and a more specialized
technical meaning. In a general sense, the term
heuristic is used for any advice that is often effective,
but isn't guaranteed to work in every case[22]. Within
the heuristic search literature, however, the term
heuristic usually refers to the special case of a
heuristic evaluation function. In a single-agent pathfinding problem, a heuristic evaluation function
estimates the cost of an optimal path between a pair
of states. For example, Euclidean or Airline distance is
an estimate of the highway distance between a pair of
locations. A common heuristic function for the
sliding-tile puzzles is called Manhattan distance. It is
computed by counting the number of moves along the
grid that each tile is displaced from its goal position,
and summing these values over all tiles[29].

For a fixed goal state, a heuristic evaluation is a
function of a node, h(n), that estimates the distance
from node n to the given goal state. The key
properties of a heuristic evaluation function are that
it estimates actual cost, and that it be inexpensive to
compute. In addition, most naturally occurring
heuristic functions are lower bounds on actual cost,
and this property is referred to as admissibility. A
number of algorithms make use of heuristic functions,
including A* algorithm, Iterative-Deepening-A*, Hill
climbing , etc
To understand these algorithms , we need to
understand the basic pure heuristic search algorithm.
The pure heuristic search, expands nodes in order of
their heuristic values h(n) [3]. It maintains a Closed
list of those nodes that have already been expanded,
and an Open list of those nodes that have been
generated but not yet expanded. The algorithm begins
with just the initial state on the Open list. At each
cycle, a node on the Open list with the minimum h (n)
value is expanded, generating all of its children, and is
placed on the Closed list. The heuristic function is
applied to the children, and they are placed on the
Open list in order of their heuristic values. The
© 2013, IJOURNALS All Rights Reserved

algorithm continues until a goal state is chosen for
expansion. The main drawback of pure heuristic
search is that since it ignores the cost of the path so
far to node n, it does not find optimal solutions [27]

2.3 A* ALGORITHM

A* is a cornerstone name of many AI systems and has
been used since it was developed in 1968[20] by
Peter Hart, Nils Nilsson and Betram Rapahel. It is
combination of Dijksra’s algorithm and best first
search. It can be used to solve many kinds of
problems. A* search finds the shortest path through a
search space to goal state using heuristic function.
This technique finds minimal cost solutions and is
also directed to a goal state called A* search. The A*
algorithm also finds the lowest cost path between the
start and goal state, where changing from one state to
another requires some cost. A*requires a heuristic
function to evaluate the cost path that passes through
the particular state [2].It is very good search method
but with complexity problems. This algorithm is
complete if the branching factor is finite and every
action has fixed cost. A* requires heuristic function to
evaluate the cost of path that passes through the
particular state. The A* algorithm [13] combines
features of uniform-cost search and pure heuristic
search to efficiently compute optimal solutions. A* is
a best-first search[29] in which the cost associated
with a node is f(n) = g(n)+h(n), where g(n) is the cost
of the path from the initial state to node n, and h (n) is
the heuristic estimate of the cost of a path from node
n to a goal. Thus, f(n) estimates the lowest total cost
of any solution path going through node n. At each
point a node with lowest f value is chosen for
expansion. Ties among nodes of equal f value should
be broken in favor of nodes with lower h values. The
algorithm terminates when a goal node is chosen for
expansion. The A* finds an optimal path to a goal if
the heuristic function h(n) is admissible, meaning it
never overestimates actual cost[13]. In addition, A*
makes the most efficient use of a given heuristic
function in the following sense: among all shortestpath algorithms using a given heuristic function h(n),
A* expands the fewest number of nodes[27]. The
main drawback of A*, and indeed of any best-first
search, is its memory requirement. Since at least the
entire Open list must be saved, A* is severely spacelimited in practice, and is no more practical than
breadth-first search on current machines. For
example, while it can be run successfully on the Eight
Puzzle, it exhausts available memory in a matter of
minutes on the Fifteen Puzzle[21].

2.4 IDA* ALGORITHM

The iterative- deepening-A* (IDA*) eliminates the
memory constraint of A*, without sacrificing solution
optimality[18]. Each iteration of the algorithm is a
complete depth-first search that keeps track of the
cost, f (n) = g(n) + h(n), of each node generated. As
soon as a node is generated whose cost exceeds a
threshold for that iteration, its path is cut off, and the
search backtracks before continuing. The cost
threshold is initialized to the heuristic estimate of the
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initial state, and in every successive iteration, it is
increased to the total cost of the lowest-cost node that
was pruned during the previous iteration. The
algorithm terminates when a goal state is reached
whose total cost does not exceed the current
threshold. Since IDA* performs a series of depth-first
searches, its memory requirement is linear in the
maximum search depth. In addition, if the heuristic
function is admissible, the first solution found by IDA*
is an optimal one. It is observed that the IDA* expands
the same number of nodes, asymptotically, as A* on a
tree, provided that the number of nodes grows
exponentially with solution cost. These facts, together
with the optimality of A*, imply that IDA* is
asymptotically optimal in time and space over all
heuristic search algorithms that find optimal
solutions on a tree. Additional benefits of IDA* are
that it is much easier to implement, and often runs
faster than A*, since it does not incur the overhead of
managing the Open and Closed lists [29].

2.5 HILL CLIMBING ALGORITHM
Hill climbing search algorithm is simply a loop that
continuously moves in the direction of increasing
value, which is uphill. It stops when it reaches a
“peak” where no neighbor has a higher value. The hill
climbing comes from that idea that if you trying to
find the top of the hill and you go up direction from
where ever you are. The question that remains is
whether this hill is indeed the highest hill possible.
Unfortunately, without further extensive exploration,
that question cannot be answered [20].This
techniques works but as it uses local information
that’s why it can be fooled .The algorithm does not
maintain a search tree, so the current node data
structure need only record the state and its objective
function value [13]. In this algorithm only a local state
is considered when making a decision of which node
is to expand next? When a node is entered all of its
successors nodes have a heuristic function applied to
them. The successor node with the most desirable
result is chosen for traversal [24].Hill climbing
sometimes called greedy local search because it
catches a good neighbor state without thinking ahead
about where to go next. Hill climbing often makes
very rapid progress towards a solution because it is
usually quite easy to improve a bad state. Hill
climbing is best suited to the problems where the
heuristic gradually improve the closer it gets to the
solution it works badly where there are sharp dropoffs. It assumes that local improvement will lead to
global improvement. There are some reasons by
which hill climbing often gets suck which are stated
below[27],
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Local Maxima: A local maximum is the peak that is
higher than each of its neighboring states, but lower
than the global maximum. Hill climbing algorithms
that reach the vicinity of local maximum will be
drawn upwards towards the peak, but then will be
stuck with nowhere else to go.
Ridges : Steps of east, north south and west may go
down but the step to north west may go up. Ridges
result in a sequence of local maxima that is very
difficult for greedy algorithm to navigate .
Plateaus : The space has a broad flat area that gives
the search algorithm no direction (random
walk).Many variants of hill climbing have also been
invented which are described below. This variant
chooses at random from among the uphill moves and
the probability of selection can vary with the
steepness of the uphill move. This usually converges
more slowly than steepest ascent but in some state
landscapes it finds better solution.

There are many versions of Hill climbing algorithm.
The First choice Hill climbing variant implements
stochastic hill climbing by generating successors
randomly until one is generated that is better than
current state. This is a good strategy when a state has
thousands of successors [27]. The Random Hill
Climbing variant adopts the well known adage, if at
first you don’t succeed try again and again. It
conducts a series of hill climbing searches from
randomly generated initial states, stopping when a
goal is found.
On the context of discussions of all the above
algorithms, we have observed that, by common sense,
we can reduce the complexity of searching [23].
Instead calling a tree search algorithm blindly, why
do not we make analysis of the problem space first
and then determine the searching strategy. Further, it
is observed that, for many problems, the search tree
is finite that is depth of the tree is known in advance.
For example, consider the travelling salesman
problem (TSP) of visiting each of a set of cities and
returning to the starting city in a tour of shortest total
distance. The most natural problem space for this
problem consists of a tree where the root node
represents the starting city, the nodes at level one
represent all the cities that could be visited first, the
nodes at level two represent all the cites that could be
visited second, etc . In this tree, the maximum depth is
the number of cities, and all candidate solutions occur
at this depth. In such a space, a simple depth-first
search guarantees finding an optimal solution using
space that is only linear in the number of cities.
Instead, if we invoke a BFS or any Heuristic algorithm,
complexity behavior could go entirely different and
that too in worst case direction [25].
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3. CONCLUSION

The standard breadth-first and depth-first algorithms are
seen to be inferior to the heuristics algorithms. We have
found that these algorithms are asymptotically optimal along
all three dimensions for exponential tree searches. Since
almost all heuristic tree searches have exponential
complexity, this is a fairly general result. We have also found
that the complexity of a problem can be expressed in terms
of two parameters: the branching factor of the problem
space, and the depth of solution of the problem. Further,
none of the algorithm is best , rather the algorithms are
situational better to another.
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