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INSTITUTIONAL VISION AND MISSION
Vision

Development of academically excellent, culturally vibrant, socially responsible and globally competent human
resources.

Mission

* To keep pace with advancements in knowledge and make the students competitive and capable at the global level.
* To create an environment for the students to acquire the right physical, intellectual, emotional and moral foundations
and shine as torch bearers of tomorrow's society.

« To strive to attain ever-higher benchmarks of educational excellence.

DEPARTMENT VISION AND MISSION

Vision

To be a global leader in Computer Science and Design Engineering striving for design excellence, cultural awareness,
a profound commitment to environmental stewardship, and societal responsibility.

Mission
M1: To establish a technology-enabled experiential learning environment, prioritizing and

cultivating problem-solving and design thinking skills among students.

M2: To foster collaboration with industries, research and development organizations, jointly
addressing socially relevant challenges in Computer Science with a core emphasis on design.

Program Educational Objective (PEO’s)

e Demonstrate the proficiency and adaptability needed to seamlessly integrate with the latest advancements
and changes in Computer Science and Design.

e Our graduates will possess the adaptability to explore various career paths, such as Research & Development,
Manufacturing, and Entrepreneurship with independent design firms, Design Services, and Consultancies.

e  Our students will be well-prepared to excel in collaborative, multi-disciplinary environments, showcasing
their versatility and skills.

Program Specific Outcomes (PSQ’s)

e To develop stand-alone, embedded, and web-based solutions with easy-to-operate interfaces using software
engineering practices and contemporary programming languages.

e Design and develop computer-based systems in various areas of Multimedia, Graphics data visualization and
computer vision.
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MODULE -2

3.1 Problem solving agents

Intelligent agents are supposed to maximize their performance measure. Goal formulation,
based on the current situation and the agent’s performance measure, is the first step in problem
solving. The agent’s task is to find out how to act, now and in the future, so that it reaches a
goal state. Before it can do this, it needs to decide (or we need to decide on its behalf) what
sorts of actions and states it should consider.

Problem formulation is the process of deciding what actions and states to consider,
given a goal. The agent will not know which of its possible actions is best, because it does not
yet know enough about the state that results from taking each action. If the agent has no
additional information—i.e., if the environment is unknown in the sense defined then it is has
no choice but to try one of the actions at random.

The process of looking for a sequence of actions that reaches the goal is called search.
A search algorithm takes a problem as input and returns a solution in the form of an action
sequence. Once a solution is found, the actions it recommends can be carried out. This is called
the execution phase. Thus, we have a simple —formulate, search, executel design for the agent,
as shown in Figure 3.1.After formulating a goal and a problem to solve, the agent calls a search
procedure to solve it. It then uses the solution to guide its actions, doing whatever the solution
recommends as the next thing to do—typically, the first action of the sequence—and then
removing that step from the sequence. Once the solution has been executed, the agent will
formulate a new goal. Notice that while the agent is executing the solution sequence it ignores
its percepts when choosing an action because it knows in advance what they will be. An agent
that carries out its plans with its eyes closed, so to speak, must be quite certain of what is going
on. Control theorists call this an open-loop system, because ignoring the percepts breaks the
loop between agent and environment. We first describe the process of problem formulation,
and then devote the bulk of the chapter to various algorithms for the SEARCH function. We
do not discuss the workings of the UPDATE-STATE and FORMUL AT E-GO AL functions
further in this chapter.

3.1.1 Well-defined problems and solutions
A problem can be defined formally by five components:
« The initial state that the agent starts in. For example, the initial state for our agent in

Roman a might be described as In (Arad)
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function SIMPLE-PROBLEM-SOLVING-AGENT( percept ) returns an action
persistent: seq, an action sequence, initially empty
state, some description of the current world state
goal, a goal, initially null
problem, a problem formulation

state « UPDATE-STATE(state, percept)
if seq 1s empty then
goal « FORMULATE-GOALstate)
problem « FORMULATE-PROBLEM(state, goal)
seq «~ SEARCH( problem)
if seq = farlure then return a null action
action «— FIRST(seq)
seq < REST(seq)
return action

Figure 3.1 A simple problem-solving agent. It first formulates a goal and a problem,
searches for a sequence of actions that would solve the problem, and then executes the actions
one at a time. When this is complete, it formulates another goal and stants over.

. A description of the possible actions available to the agent. Given a particular states,
ACTIONS(s) returns the set of actions that can be executed in s. We say that each of these
actions is applicable in s. For example, from the state In(Arad), the applicable actions
are{Go(Sibiu), Go(Timisoara), Go(Zerind)}.

. A description of what each action does; the formal name for this is the transition
model, specified by a function RESULT(s, a) that returns the state that results from doing
action a in states. We also use the term successor to refer to any state reachable from a given
state by a single action.2 For example, we have RESULT(In(Arad),Go(Zerind))=In(Zerind).
Together, the initial state, actions, and transition model implicitly define the state space of the
problem—the set of all states reachable from the initial state by any sequence of actions. The
state space forms a directed network or graph in which the nodes are states and the links
between nodes are actions. (The map of Romania shown in Figure 3.2 can be interpreted as a
state-space graph if we view each road as standing for two driving actions, one in each
direction.) A path in the state space is a sequence of states connected by a sequence of actions.

. The goal test, which determines whether a given state is a goal state. Sometimes there
is an explicit set of possible goal states, and the test simply checks whether the given state is

one of them. The agent’s goal in Romania is the single tonset{In(Bucharest)}.
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Figure 3.2 A simplified road map of part of Romania.

Sometimes the goal is specified by an abstract property rather than an explicitly enumerated
set of states. For example, inches, the goal is to reach a state called —check mate,| where the
opponent’s king is under attack and can’t escape.
« A path cost function that assigns a numeric cost to each path. The problem-solving agent
chooses a cost function that reflects its own performance measure. For the agent trying to
get to Bucharest, time is of the essence, so the cost of a path might be its length in kilometers.
In this chapter, we assume that the cost of a path can be described as the sum of the costs of
the individual actions along the path. The step cost of taking action a in states to reach states’
is denoted by c(s, a, s’ ). The step costs for Romania are shown in Figure
3.2 as route distances. We assume that step costs are nonnegative. The preceding elements
define a problem and can be gathered into a single data structure that is given as input to a
problem-solving algorithm. A solution to a problem is an action sequence that leads from
the initial state to a goal state. Solution quality is measured by the path cost function, and

an optimal solution has the lowest path cost among all solutions.

3.1.2 Formulating problems

In the preceding section we proposed a formulation of the problem of getting to Bucharest
in terms of the initial state, actions, transition model, goal test, and path cost. This formulation
seems reasonable, but it is still a model—an abstract mathematical description—and not there

al I thing. Compare the simple state description we have chosen, In(Arad), to an actual cross
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country trip, where the state of the world includes so many things: the traveling companions,
the current radio program, the scenery out of the window, the proximity of law enforcement
officers, the distance to the next rest stop, the condition of the road, the weather, and so on.
All these considerations are left out of our state descriptions because they are irrelevant to the
problem of finding a route to Bucharest. The process of removing detail from are presentation
is called abstraction. In addition to abstracting the state description, we must abstract the
actions themselves. A driving action has many effects. Besides changing the location of the
vehicle and its occupants, it takes up time, consumes fuel, generates pollution, and changes
the agent (as they say, travel is broadening).Our formulation takes into account only the
change in location. Also, there are many actions that we omit altogether: turning on the radio,
looking out of the window, slowing down for law enforcement officers, and soon. And of
course, we don’t specify actions at the level of —turn steering wheel to the left by one degree.|
Can we be more precise about defining the appropriate level of abstraction? Think of the
abstract states and actions we have chosen as corresponding to large sets of detailed world
states and detailed action sequences. Now consider a solution to the abstract problem: for
example, the path from Arad to Sibiu to Rimnicu Vilce a to Pitesti to Bucha rest. This abstract
solution corresponds to a large number of more detailed paths. For example, we could drive
with the radio on between Sibiu and Rimnicu Vilcea, and then switch it off for the rest of the
trip. The abstraction is valid if we can expand any abstract solution into a solution in the more
detailed world; a sufficient condition is that for every detailed state that is—in Arad,l there is
a detailed path to some state that is —in Sibiu,l and so on. The abstraction is useful if carrying
out each of the actions in the solution is easier than the original problem; in this case they are
easy enough that they can be carried out without further search or planning by an average
driving agent. The choice of a good abstraction thus involves removing as much detail as
possible while retaining validity and ensuring that the abstract actions are easy to carry out.
Were it not for the ability to construct useful abstractions, intelligent agents would be
completely swamped by the real world.

3.2 EXAMPLE PROBLEMS
The problem-solving approach has been applied to a vast array of task environments. We list

some of the best known here, distinguishing between toy and real-world problems. A toy
problem is intended to illustrate or exercise various problem-solving methods. It can be given
a concise, exact description and hence is usable by different researchers to compare the

performance of algorithms. A real-world problem is one whose solutions people actually care
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about. Such problems tend not to have a single agreed-upon description, but we can give the
general flavor of their formulations.
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Figure 3.3  The state space for the vacuum world. Links denote actions: L = Left, R =
Right, S = Suck.

321 Toy problems

The first example we examine is the vacuum world first introduced in Chapter 2. (See Figure

2.2.) This can be formulated as a problem as follows:

« States: The state is determined by both the agent location and the dirt locations. The agent
is in one of two locations, each of which might or might not contain dirt. Thus, there are 2
x 272 = 8 possible world states. A larger environment within locations has n -2”n states.

« Initial state: Any state can be designated as the initial state.

« Actions: In this simple environment, each state has just three actions: Left, Right, and
Suck. Larger environments might also include Up and Down.

« Transition model: The actions have their expected effects, except that moving Left in the
left most square, moving Right in the right most square, and Sucking in a clean square have
no effect. The complete state space is shown in Figure3.3.

« Goal test: This checks whether all the squares are clean.

« Path cost: Each step costs1, so the path cost is the number of steps in the path. Compared
with the real world, this to y problem has discrete locations, discrete dirt, reliable cleaning,
and it never gets any dirtier. Chapter 4 relaxes some of these assumptions. The 8-puzzle, an
instance of which is shown in
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Figure 3.4 A typical instance of the 8-puzzle.

Figure 3.4, consists of a 3x3 board with eight numbered tiles and a blank space. A tile adjacent
to the blank space can slide into the space. The object is to reach a specified goal state, such
as the one shown on the right of the figure. The standard formulation is as follows:

« States: A state description specifies the location of each of the eight tiles and the blank in
one of then in squares.

« Initial state: Any state can be designated as the initial state. Note that any given goal can be
reached from exactly half of the possible initial states (Exercise3.4).

« Actions: The simplest formulation defines the actions as movements of the blank space Left,
Right, Up, or Down. Different subsets of these are possible depending on where the blank is.

« Transition model: Given a state and action, this returns the resulting state; for example, if
we apply Left to the star state in Figure3.4, the resulting state has the 5 and the blank switched.
» Goal test: This checks whether the state matches the goal configuration shown in Figure
3.4. (Other goal configurations are possible.)

« Path cost: Each step costs 1,s0 the path cost is the number of steps in the path.

What abstractions have we included here? The actions are abstracted to their beginning and
final states, ignoring the intermediate locations where the block is sliding. We have abstracted
away actions such as shaking the board when pieces get stuck and ruled out extracting the pieces
with a knife and putting them back again. We are left with a description of the rules of the
puzzle, avoiding all the details of physical manipulations. The 8-puzzle belongs to the family
of sliding-block puzzles, which are often used as test problems for new search algorithms in Al.
This family is known to be NP-complete, so one does not expect to find methods significantly
better in the worst case than the search algorithms described in this chapter and the next. The 8-
puzzle has 9!/2=181,440 reachable states and is easily solved. The 15-puzzle (on a 4x4 board)
has around 1.3 trillion states, and random instances can be solved optimally in a few
milliseconds by the best search algorithms. The 24-puzzle (on a 5 x 5 board) has around 1025

states, and random instances take several hours to solve optimally.
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The goal of the 8-queens problem is to place eight queens on a chessboard such that no queen
attacks any other. (A queen attacks any piece in the same row, column or diagonal.) Figure 3.5
shows an attempted solution that fails: the queen in the right most column is attacked by the
queen at the top left. Although efficient special-purpose algorithms exist for this problem and
for the whole n-queens family, it remains a useful test problem for search algorithms. There are
two main kinds of formulation. An incremental formulation involves operators that augment the
state description, starting with an empty state; for the 8-queens problem, this means that each
action adds a queen to the state. A complete state formulation starts with all 8 queens on the
board and moves them around. In either case, the path cost is of no interest because only the

final state counts. The first incremental formulation one might try is the following:

| B
_ b
|
W
Figure 3.5  Almost a solution to the 8-queens problem. (Solution is left as an exercise.)

. States: Any arrangement of 0 to 8 queens on the board disastate.
« Initial state: No queens on the board.
o Actions: Add a queen to any empty square.
. Transition model: Returns the board with a queen added to the specified square.
. Goal test: 8 queens are on the board, none attacked. In this formulation, we have 64 -

63 --- 57 = 1.8 x1014 possible sequences to investigate. A better formulation would prohibit
placing a queen in any square that is already attacked:

. States: All possible arrangements of n queens (0 < n < 8), one per column in the
leftmost n columns, with no queen attacking another.

. Actions: Add a queen to any square in the leftmost empty column such that it is not
attacked by any other queen.

This formulation reduces the 8-queens state space from1.8x10/14 to just 2,057, and solutions
are easy to find. On the other hand, for 100 queens the reduction is from roughly 107400

states to about 10752 states (Exercise3.5)—a big improvement, but not enough to make the
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problem tractable. Section

4.1 describes the complete-state formulation, and Chapter 6 gives a simple algorithm that
solves even the million-queens problem with ease.Our final toy problem was devised by
Donald Knuth (1964) and illustrates how infinite state spaces canarise. Knuth conjectured
that, starting with the number 4, a sequence of factorial, square root, and floor operations will

reach any desired positive integer. For example, we can reach from for as follows

|
[ r—

[\ | Vy \/(.1!)!J = §,

The problem definition is very simple:

« States: Positive numbers.

« Initial state:4.

« Actions: Apply factorial, square root, or floor operation (factorial for integers only).
*Transition model: As given by the mathematical definitions of the operations.

» Goal test: State is the desired positive integer. To our knowledge there is no bound on
how large a number might be constructed in the process of reaching a given target—for
example, the number 620,448,401,733,239,439,360,000 is generated in the expression
for5—so the state space for this problem is infinite. Such state spaces arise frequently in
tasks involving the generation of mathematical expressions, circuits, proofs, programs, and

other recursively defined objects.

322 Real-world problems
We have already seen how the route-finding problem is defined in terms of specified locations
and transitions along links between them. Route-finding algorithms are used in a variety of
applications. Some, such as Websites and in-car systems that provide driving directions, are
relatively straight forward extensions of the Romania example. Others, such as routing video
streams in computer networks, military operations planning, and air line travel-planning
systems, involve much more complex specifications. Consider the air line travel problems that
must be solved by a travel-planning Website:
« States: Each state obviously includes a location (e.g., an airport) and the current time.
Furthermore, because the cost of an action (a flight segment) may depend on previous
segments, their fare bases, and their status as domestic or international, the state must record

ex train formation about these —historicall aspects.
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« Initial state: This is specified by the user’s query.
« Actions: Take any flight from the current location, in any seat class, leaving after the current
time, leaving enough time for within-air port transfer if needed.
« Transition model: The state resulting from taking a flight will have the flight’s destination
as the current location and the flight’s arrival time as the current time.
« Goal test: Are we at the final destination specified by the user?
» Path cost: This depends on monetary cost, waiting time, flight time, customs and
immigration procedures, seat quality, time of day, type of airplane, frequent-flyer mileage
awards, and soon.
Commercial travel advice systems use a problem formulation of this kind, with many additional
complications to handle the by zantine fare structures that airlines impose. Any seasoned
traveler knows, however, that not all air travel goes according to plan. A really good system
should include contingency plans—such as back up reservations on alternate flights—to the
extent that these are justified by the cost and likelihood of failure of the original plan.
Touring problems are closely related to route-finding problems, but with an important
difference. Consider, for example, the problem —\Visit every city in Figure 3.2 at least once,
starting and ending in Bucharest.I As with route finding, the actions correspond to trips between
adjacent cities. The state space, however, is quite different. Each state must include not just the
current location but also these to cities the agent has visited. So the initial state would be
In(Bucharest), Visited({Bucharest}), a typical intermediate state would be In(Vaslui),
Visited({Bucharest, Urziceni, Vaslui}), and the goal test would check whether the agent is in

Bucharest and all 20 cities have been visited.

The traveling sales person problem (TSP) is a touring problem in which each city must be
visited exactly once. The aim is to find the shortest tour. The problem is known to be NP-hard,
but an enormous amount of effort has been expended to improve the capabilities of TSP
algorithms. In addition to planning trips for traveling salespersons, these algorithms have been
used for tasks such as planning movements of automatic circuit-board drills and of stocking

machine son shopfloors.

A VLSI layout problem requires positioning millions of components and connections on a chip
to minimize area, minimize circuit delays, minimize stray capacitances, and maximize

manufacturing yield. The layout problem comes after the logical design phase and is usually
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split into two parts: cell layout and channel routing. In cell layout, the primitive components of
the circuit are grouped into cells, each of which performs some recognized function. Each cell
has a fixed foot print(size and shape) and requires a certain number of connections to each of
the other cells. The aim is to place the cells on the chip so that they do not overlap and so that
there is room for the connecting wires to be placed between the cells. Channel routing finds a
specific route for each wire through the gaps between the cells. These search problems are
extremely complex, but definitely worth solving. Later in this chapter, we present some
algorithms capable of solving them. Robot navigation is a generalization of the route-finding
problem described earlier. Rather than following a discrete set of routes, a robot can move in a
continuous space with (in principle) an infinite set of possible actions and states. For a circular
robot moving on a flat surface, the space is essentially two-dimensional. When the robot has
arms and legs or wheels that must also be controlled, the search space becomes many-
dimensional. Advanced techniques are required just to make the search space finite. In addition
to the complexity of the problem, real robot must also deal with error in their sensor readings

and motor controls.

Automatic assembly sequencing of complex objects by a robot was first demonstrated by
FREDDY (Michie, 1972). Progress since then has been slow but sure, to the point where the
assembly of intricate objects such as electric motors is economically feasible. In assembly
problems, the aimist of in ordering which to assemble the parts of some object. If the wrong
order is chosen, there will be no way to add some part later in the sequence without undoing
some of the work already done. Checking a step in the sequence for feasibility is a difficult
geometrical search problem closely related to robot navigation. Thus, the generation of legal
actions is the expensive part of assembly sequencing. Any practical algorithm must avoid
exploring all but a tiny fraction of the state space. Another important assembly problem is
protein design, in which the goal is to find a sequence of amino acids that will fold into a

three-dimensional protein with the right properties to cure some disease.

33 SEARCHING FOR SOLUTIONS
Having formulated some problems, we now need to solve them. A solution is an action

sequence, so search algorithms work by considering various possible action sequences. The
possible action sequences starting at the initial state form a search tree with the initial state
NODE at the root; the branches are actions and the nodes correspond to states in the state
space of the problem. Figure 3.6 shows the first few steps in growing the search tree for
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finding a route from Arad to Bucharest. The root node of the tree corresponds to the initial
state, In(Arad). The first step is to test whether this is a goal state. (Clearly it is not, but it is
important to check so that we can solve trick problems like —starting in Arad, get to
Arad.l)Then we need to consider taking various actions. We do this by expanding the current
state; that is, applying each legal action to the current state, there by generating an ewset of
states. In this case, we add three branches from the parent node . In(Arad) leading to three
new child nodes: In(Sibiu), In(Timisoara), and In(Zerind).Now we must choose which of
these three possibilities to consider further.

This is the essence of search—following upon option now and putting the others a side for later,
in case the first choice does not lead to a solution. Suppose we choose S first. We check to see
whether it is a goal state (it is not) and then expand it to get In(Arad), In(Fagaras), In(Oradea),
and In(RimnicuVilcea).We can then choose any of these four or go back and choose. Timisoara
or Zerind. Each of these six no desis a leaf node, that is, a node with no children in the tree. The
set of all leaf nodes available for expansion at any given point is called the frontier. (Many
authors call it the open list, which is both geographically less evocative and less accurate,
because other data structures are better suited than a list.). In Figure 3.6, the frontier of each tree

consists of those nodes with bold outlines.

The process of expanding nodes on the frontier continues until either a solution is found or
there are no more states to expand. The general TREE-SEARCH algorithm is shown informally
in Figure 3.7. Search algorithms all share this basic structure; they vary primarily according to
how they choose which state to expand next—the so-called search strategy.

The eagle eyed reader will notice one peculiar thing about the search tree shown in Figure 3.6:
it includes the path from Arad to Sibiuand back to Arad again! We say that In(Arad) is a repeated
state in the search tree, generated in this case by a loop y path. Considering such loop y paths
means that the complete search tree for Romania is infinite because there is no limit to how
often one can traverse a loop. On the other hand, the state space—the map shown in Figure
3.2—has only 20 states. As we discuss in Section 3.4,lo00ps can cause certain algorithms to fail,
making otherwise solvable problems unsolvable. Fortunately, there is no need to consider loopy
paths. We can rely on more than intuition for this: because path cost are additive and step costs
are nonnegative, a loopy path to any given state is never better than the same path with the loop
removed. Loopy paths are a special case of the more general concept of redundant paths, which

exist whenever there is more than one way to get from one state to another. Consider the paths
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Arad-Sibiu (140 km long) and Arad—Zerind—Oradea—Sibiu (297 km long). Obviously, the
second path is redundant it’s just a worse way to get to the same state. If you are concerned
about reaching the goal, there’s never any reason to keep more than one path to any given state,
because any goal state that is reachable by extending one path is also reachable by extending
the other. In some cases, it is possible to define the problem itself so as to eliminate redundant
paths. For example, if we formulate the 8-queens problem (page 71) so that a queen can be
placed in any column, then each state with n queens can be reached by n! different paths; but if
we reformulate the problem so that each new queen is placed in the left most empty column,
then each state can be reached only through one path.

(a) The initial state

(b) After expanding Arad

(¢) After expanding Sibiu

Figure 3.6  Partial search trees for finding a route from Arad to Bucharest. Nodes that
have been expanded are shaded: nodes that have been generated but not yet expanded are
outlined in bold: nodes that have not yet been generated are shown in faint dashed lines.
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function TREE-SEARCH( problem) returns a solution, or failure
initialize the frontier using the initial state of problem
loop do
if the frontier is empty then return failure
choose a leaf node and remove it from the frontier
if the node contains a goal state then return the corresponding solution
expand the chosen node, adding the resulting nodes to the frontier

function GRAPH-SEARCH( problem) returns a solution, or failure

initialize the frontier using the initial state of problem

initialize the explored set to be empty

loop do
if the frontier is empty then return failure
choose a leaf node and remove it from the frontier
if the node contains a goal state then return the corresponding solution
add the node to the explored set
expand the chosen node, adding the resulting nodes to the frontier

only if not in the frontier or explored set

Figure 3.7 An informal description of the general tree-search and graph-search algo-
rithms. The parts of GRAPH-SEARCH marked in bold italic are the additions needed to
handle repeated states.

In other cases, redundant paths are unavoidable. This includes all problems where the actions
are reversible, such as route- finding problems and sliding-block puzzles. Route finding on a
rectangular grid(like the one used later for Figure 3.9) is a particularly important example in
computer games. In such a grid, each state has four successors, so a search tree of depth that
includes repeated states has4 d leaves; but there are only about distinct states within steps of
any given state. Ford=20, this means a bout a trillion nodes but only about 800 distinct states.
Thus, following redundant paths can cause a tractable problem to become in tractable. This is
true even for algorithms that know how to avoid infinite loops. As the saying goes, algorithms
that forget their history are doomed to repeat it. The way to avoid exploring redundant paths is
to remember where one has been. To do this, we augment the TREE-SEARCH algorithm with
a data structure called the explored set (also known as the closed list), which remembers every
expanded node. Newly generated nodes that match previously generated nodes—ones in the
explored set or the frontier—can be discarded instead of being added to the frontier. The new
algorithm, called GRAPH-SEARCH, is shown informally in Figure3.7. The specific algorithms
in this chapter draw on this general design. Clearly, the search tree constructed by the GRAPH-
SEARCH algorithm contains at most one copy of each state, so we can think of it as growing a
tree directly on the state-space graph, as shown in Figure 3.8. The algorithm has another nice
property: the frontier separates the state-space graph into the explored region and the unexplored
region, so that every path from the initial state to an unexplored state has to pass through a state
in the frontier. (If this seems completely obvious, try Exercise 3.13 now.). This
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property is illustrated in Figure3.9. As every step moves a state from the frontier into the
explored region while moving some states from the unexplored region into the frontier, we see

that the algorithm is systematically examining the states in the state space, one by one, until it
finds a solution.

G

Figure 3.8 A sequence of search trees generated by a graph search on the Romania prob-
lem of Figure 3.2. At each stage, we have extended each path by one step. Notice that at the
third stage, the northernmost city (Oradea) has become a dead end: both of its successors are
already explored via other paths.

o

(a) (b) (c)

Figure 3.9  The separation property of GRAPH-SEARCH, illustrated on a rectangular-grid
problem. The frontier (white nodes) always separates the explored region of the state space
(black nodes) from the unexplored region (gray nodes). In (a), just the root has been ex-
panded. In (b), one leaf node has been expanded. In (c), the remaining successors of the root
have been expanded in clockwise order.

3.3.1 Infrastructure for search algorithms
Search algorithms require a data structure to keep track of the search tree that is being
constructed. For each node of the tree, we have a structure that contains four components:

« N. STATE: the state in the state space to which the node corresponds;

« n. PARENT: the node in the search tree that generated this node;

« n. ACTION: the action that was applied to the parent to generate the node;

« n. PATH COST: the cost, traditionally denoted by g(n), of the path from the initial state
to the node, as indicated by the parent pointers.

Department of CS&Design, ATMECE, Page 29



Artificial Intelligence - BCS515B

PARENT

ACTION = Right
PATH-COST =6

E Node

Figure 3.10  Nodes are the data structures from which the search tree is constructed. Each
has a parent, a state, and various bookkeeping fields. Arrows point from child to parent.

Given the components for a parent node, it is easy to see how to compute the necessary
components for a child node. The function CHILD NODE takes a parent node and an action

and returns the resulting child node:

function CHILD-NODE( problem, parent, action) returns a node
return a node with
STATE = problem RESULT(parent.STATE, action),
PARENT = parent, ACTION = action,
PATH-COST = parent.PATH-COST + problem .STEP-COST(parent. STATE, action)

The node data structure is depicted in Figure 3.10. Notice how the PARENT pointers string the
nodestogether into a tree structure. These pointers also allow the solution path to be extracted
when a goalnode is found; we use the SOLUTION function to return the sequence of actions
obtained by following parent pointers back to the root.Upto now,we have not been very careful
to distinguish between nodes and states, but in writing detailed algorithms it’s important to make
that distinction. A node is a book keeping data structure used to represent the search tree. A state
corresponds to a configuration ofthe world. Thus, nodes are on particular paths, as defined by
PARENT pointers, whereas states are not.Furthermore, two different nodes can contain the
same world state if that state is generated via twodifferent search paths. Now that we have nodes,
we need some where to put them. The frontier needs to best oreder in such away that the search
algorithm can easily choose then extnode to expand according to its preferred strategy. The
appropriate data structure for this is a queue. The operations on a queue areas follows:

« EMPTY?(queue) returns true only if there are no more elements in the queue.

« POP(queue)removes the first element of the queue and returnsit.

« INSERT (element,queue) inserts an element and returns the resulting queue.

Queues are characterized by the order in which they store the inserted nodes. Three common
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variants are the first-in, first-out or FIFO queue, which pops the oldest element of the queue;the
last-in, first-out or LIFO queue (also known as a stack), which pops the newest element of the
queue; and the priority queue, which pops the element of the queue with the highest priority
according to some ordering function. The explored set can be implemented with a hash table to
allow efficient checking for repeated states. With a good implementation, insertion and look up
can be done in roughly constant time no matter how many states are stored. One must take care
to implement the hash table with the right notion of equality between states. For example, in the
traveling sales person problem the hash table needs to know that the set of visited cities

{Bucharest, Urziceni, Vaslui}is the same as {Urziceni, Vaslui, Bucharest}. Sometimes this can
be achieved most easily by insisting that the data structures for states be in some canonical form;
that is, logically equivalent states should map to the same data structure. In the case of states
described by sets, for example, a bit-vector representation or a sorted list without repetition

would be canonical, where as an unsorted list would not.

3.3.2 Measuring problem-solving performance

Before we get into the design of specific search algorithms, we need to consider the criteria that
might be used to choose among them. We can evaluate an algorithm’s performance in four
ways:

« Completeness: Is the algorithm guaranteed to find a solution when there is one?

« Optimality: Does the strategy find the optimal solution?

« Time complexity: How long does it take to find a solution?

« Space complexity: How much memory is needed to perform the search?
Time and space complexity are always considered with respect to some measure of the problem

difficulty. In theoretical computer science, the typical measure is the size of the state space
graph, |V| |E|, where Vertices set of vertices (nodes) of the graph and Eis the set of edges (links).
This is appropriate when the graph is an explicit data structure that is input to the search program.
(The map of Romania is an example of this.) In Al, the graph is often represented implicitly by
the initial state, actions, and transition model and is frequently infinite. For these reasons,
complexity is expressed in terms of three quantities: b, the branching factor or maximum
number of successors of any node; d, the depth of the shallowest go all node(i.e., the number of
steps along the path from the root); and m, the maximum length of any path in the state space.
Time is often measured in terms of the number of nodes generated during the search, and space in

terms of the maximum number of nodes stored in memory. For the most part, we
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describe time and space complexity for search on a tree; for a graph, the answer depends on
how —redundantl the paths in the state space are. To assess the effectiveness of a search
algorithm, we can consider just the search cost—which typically depends on the time
complexity but can also include a term form emory usage—or we can use the total cost, which
combines the search cost and the path cost of the solution found. For the problem of finding a
route from Arad to Bucharest, the search cost is the amount of time taken by the search and the
solution cost is the total length of the path in kilometers. Thus, to compute the total cost, we
have to add milliseconds and kilometers. There is no —official exchange ratel between the two,
but it might be reasonable in this case to convert kilometers into milli seconds by using an
estimate of the car’s average speed (because time is what the agent cares about). This enables
the agent to find an optimal tradeoff point at which further computation to find a shorter path

becomes counterproductive. The more general problem of tradeoffs between different goods.

34  UNINFORMED SEARCH STRATEGIES

This section covers several search strategies that come under the heading of uninformed search
(also called blind search). The term means that the strategies have no additional information
about states beyond that provided in the problem definition. All they can do is generate
successors and distinguish a goal state from a non-goal state. All search strategies are
distinguished by the order in which nodes are expanded. Strategies that know whether one non-
goal state is —more promisingl than another are called informed search or heuristic search
strategies.

34.1 Breadth-first search

Breadth-first search is a simple strategy in which the root node is expanded first, then all the
successors of the root node are expanded next, then their successors, and so on. In general, all

the nodes are expanded at a given depth in the search tree before any nodes at the next level are

function BREADTH-FIRST-SEARCH( problemn ) returns a solution, or failure
node «— a node with STATE = problem. INITIAL-STATE. PATH-COST =0
if problem GOAL-TEST(node.STATE) then return SOLUTION(node)
frontier «— a FIFO queue with node as the only element
explored «— an empty set
loop do
if EMPTY?( frontier) then return failure
node «— POP( frontier) [* chooses the shallowest node in frontier */
add node.STATE to explored
for each action in problem ACTIONS(node.STATE) do
child « CHILD-NODE( problem. node. action)
if child . STATE is not in explored or frontier then
if problem GOAL-TEST(child STATE) then return SOLUTION( child)
Jrontier «— INSERT(child. frontier)

Figure 3.11 Breadth-first search on a graph.

expanded. Breadth-first search is an instance of the general graph-search algorithm (Figure

3.11) in which the shallowest unexpanded node is chosen for expansion. This is achieved very
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simply by using a FIFO queue for the frontier. Thus, new nodes (which are always deeper than
their parents) go to the back of the queue, and old nodes, which are shallower than the new
nodes, get expanded first. There is one slight tweak on the general graph-search algorithm,
which is that the goal test is applied to each node when it is generated rather than when it is
selected for expansion. This decision is explained below, where we discuss time complexity.

Note also that the algorithm, following the general template for graph search, discards any new
path to a state already in the frontier or explored set; it is easy to see that any such path must be
at least as deep as the one already found. Thus, breadth first search always has the shallowest
path to every node on the frontier. Pseudo code is given in Figure 3.11. Figure 3.12 shows the
progress of the search on a simple binary tree. How does breadth-first search rate according to
the four criteria from the previous section? We can easily see that it is complete—if the
shallowest goal node is at some finite depth d, breadth-first search will eventually find it after
generating all shallower nodes (provided the branching factor b is finite). Note that as soon as
a goal node is generated, we know it is the shallowest goal node because all shallow nodes must
have been generated already and failed the goal test. Now, the shallowest goal node is not
necessarily the optimal one. technically, breadth-first search is optimal if the path cost is a
nondecreasing function of the depth of the node.

The most common such scenario is that all actions have the same cost. So far, the news about
breadth-first search has been good. The news about time and space is not so good. Imagine
searching a uniform tree where every state has b successors. 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 these cond
level. Each of these generates b more nodes, yielding b3 nodes at the third level, and soon.
Now suppose that the solution is at depth d. In the worst case, it is the last node generated at
that level. Then the total number of nodes generate dis b+b"2+b"3+---+b"d=0O(b"d). (If the
algorithm were to apply the goal test to nodes when selected for expansion, rather than when

generated, the whole layer of nodes at depth d would be expanded be for the goal was detected

and the time complexity would be @(%**").)

As for space complexity: for any kind of graph search, which stores every expanded node in
the explored set, the space complexity is always within a factor of b of the time complexity. For

breadth-first graphsearch in particular, every node generated remains in memory. There will be
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nodes in the explored set and O(b”~d) nodes in the frontier,

P® ®

Figure 3.12  Breadth-first search on a simple binary tree. At each stage, the node to be
expanded next is indicated by a marker.

Depth Nodes Time Memory
2 110 11 milliseconds 107 kilobytes
- 11,110 11 milliseconds 10.6 megabytes
6 10° 1.1 seconds | gigabyte
8 10° 2 minutes 103 gigabytes
10 101 3 hours 10 terabytes
12 102 13 days | petabyte
14 10" 3.5 years 99 petabytes
16 1016 350 years 10 exabytes

o1
Figure 3.13  Time and memory requirements for breadth-first search. The numoers s
assume branching factor b = 10; 1 million nodes/second; 1000 bytes/node.

so the space complexity is O(b™d), i.e., it is dominated by the size of the frontier. Switching to
a tree search would not save much space, and in a state space with many redundant paths,
switching could cost a great deal of time. An exponential complexity bound such asO(b”d) is
scary. Figure3.13 shows why. It lists, for various values of the solution depth d, the time and
memory required for a breadth first search with branching factor b = 10. The table assumes that
1 million nodes can be generated per second and that a node requires 1000 bytes of storage.
Many search problems fit roughly within these assumptions (give or take a factor of 100) when

run on a modern personal computer.

Two lessons can be learned from Figure 3.13. First, the memory requirements are a bigger
problem for breadth-first search than is the execution time. One might wait 13 days for the
solution to an important problem with search depth 12, but no personal computer has the
petabyte of memory it would take. Fortunately, her strategies require less memory. These
condlessonist has time is still a major factor. If your problem has a solution at depth 16, then
(given our assumptions) it will take about 350 years for breadth-first search (or indeed any
uninformed search) to find it. In general, exponential-complexity search problems cannot be

solved by uninformed methods for any but the smallest instances.
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3.4.3 Depth-first search

Depth-first search always expands the deepest node in the current frontier of the search tree.
The progress of the search is illustrated in Figure 3.16. The search proceeds immediately to
the deepest level of the search tree, where the nodes have no successors. As those nodes are
expanded, they are dropped from the frontier, so then the search —backs upl to the next
deepest node that still has unexplored successors. The depth-first search algorithm is an
instance of the graph-search algorithm in Figure3.7; whereas breadth-first-search uses a FIFO
queue, depth-first search uses a LIFO queue. A LIFO queue means that the most recently
generated node is chosen for expansion. This must be the deepestunexpanded node because
it is one deeper than its parent—which, in turn, was the deepest unexpanded node when it was
selected. As an alternative to the GRAPH-SEARCH-style implementation, it is common to
implement depth-first search with a recursive function that calls itself on each of its children

in turn.(A recursive depth- first algorithm in corporating a depth limit is shown in Figure3.17.)

2
2
0

Figure 3.16 Depth-first search on a binary tree. The unexplored region is shown in light
gray. Explored nodes with no descendants in the frontier are removed from memory. Nodes
at depth 3 have no successors and A/ is the only goal node.

The properties of depth-first search depend strongly on whether the graph-search or tree-search

version is used. The graph-search version, which avoids repeated states and redundant paths, is

complete infinite state spaces because it will eventually expand every node.
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