ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING
UNIT I
PROBLEM SOLVING

INTRODUCTION

What is artificial intelligence?

Artificial Intelligence is the branch of computer science concerned with making computers
behave like humans.

Major Al textbooks define artificial intelligence as "the study and design of intelligent
agents,” where an intelligent agent is a system that perceives its environment and takes
actions which maximize its chances of success.

John McCarthy, who coined the term in 1956, defines it as "the science and engineering of
making intelligent machines, especially intelligent computer programs.”

The definitions of Al according to some text books are categorized into four approaches
and are summarized in the table below :

Systems that think like humans "The exciting new effort to make computers think ...
machines with minds, in the full and literal sense.”(Haugeland,1985)

Systems that think rationally "The study of mental faculties through the use of computer
models." (Charniak and McDermont,1985)

Systems that act like humans The art of creating machines that performs functions that
require intelligence when performed by people.”(Kurzweil,1990)

Systems that act rationally "Computational intelligence is the study of the design of
intelligent agents."(Poole et al.,1998)

Systems that think like humans Systems that think rationally

“The exciting new effort to make computers think ... | “The study of mental faculties through the use of
machines with minds, in the full and literal | computer models.”

sense.”(Haugeland, 1985) (Charniak and McDermont, 1985)

Systems that act like humans Systems that act rationally

The art of creating machines that perform functions | “Computational intelligence is the study of the
that require intelligence when performed by | design of intelligent agents.”(Poole et al., 1998)
people.”(Kurzweil, 1990)

Four approaches of AI
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Acting humanly : The Turing Test approach
o Test proposed by Alan Turing in 1950
o The computer is asked questions by a human interrogator.

The computer passes the test if a human interrogator, after posing some written questions, cannot tell whether

the written responses come from a person or not. Programming a computer to pass, the computer need to

possess the following capabilities :

o Natural language processing to enable it to communicate successfully in English.

o Knowledge representation to store what it knows or hears

o Automated reasoning to use the stored information to answer questions and to draw new
conclusions.

o Machine learning to adapt to new circumstances and to detect and extrapolate patterns

To pass the complete Turing Test, the computer will need

o Computer vision to perceive the objects, and
o Roboetics to manipulate objects and move about.



(b)Thinking humanly: The cognitive modeling approach
We need to get inside actual working of the human mind:

(a) through introspection — trying to capture our own thoughts as they go by;

(b) through psychological experiments
Allen Newell and Herbert Simon, who developed GPS, the “General Problem Solver” tried to trace the
reasoning steps to trace the thought process of human subjects while solving the same problems.
The interdisciplinary field of cognitive science brings together computer models from AI and experimental
techniques from psychology to try to construct precise and testable theories of the workings of the human mind.

(c) Thinking rationally: The “laws of thought approach”
The Greek philosopher Aristotle was one of the first to attempt to codify “right thinking”, that is irrefutable
reasoning processes. His syllogism provided patterns for argument structures that always yielded correct

conclusions when given correct premises—
for example,
“Ram is student of III year CSE;
All students are good in III year CSE;
Ram is a good student.”

These laws of thought were supposed to govern the operation of the mind; their study initiated a field called

logic.

(d) Acting rationally: The rational agent approach
An agent is something that acts. A rational agent is one that acts so as to achieve the best outcome.

The foundations of Artificial Intelligence
The various disciplines that contributed ideas, viewpoints, and techniques to AT are given below :

Philosophy(428 B.C. — present)
Aristotle (384-322 B.C.) was the first to formulate a precise set of laws governing the rational part of the mind.
He developed an informal system of syllogisms for proper reasoning, which allowed one to generate
conclusions mechanically, given initial premises.

Computer Human Brain
Computational units 1 CPU, 10" gates 10" neurons
Storage units 10" bits RAM 10" neurons
10" bits disk 10" synapses
Cyecle time 10° sec 107 sec
Bandwidth 10" bits/sec 10" bits/sec
Memory updates/sec 10° 10"
Table 1.1 A crude comparison of the raw computational resources available to computers (cirea 2003 ) and
brain. The computer’s numbers have increased by at least by a factor of 10 every few years. The brain’s
numbers have not changed for the last 10, 000 years.

Brains and digital computers perform quite different tasks and have different properties. Table 1.1 shows that
there are 10000 times more neurons in the typical human brain than there are gates in the CPU of a typical high-
end computer. Moore’s Law predicts that the CPU’s gate count will equal the brain’s neuron count around 2020.

Computer agents are not mere programs, but they are expected to have the following attributes also :
(a) operating under autonomous control,

(b) perceiving their environment,

(c) persisting over a prolonged time period,

(d) adapting to change.



Psycology(1879 — present)

The origin of scientific psychology are traced back to the work of German physiologist Hermann von
Helmholtz(1821-1894) and his student Wilhelm Wundt(1832 — 1920)

In 1879, Wundt opened the first laboratory of experimental psychology at the University of Leipzig.

In US, the development of computer modeling led to the creation of the ficld of cognitive science.

The field can be said to have started at the workshop in September 1956 at MIT.

Computer engineering (1940-present)

For artificial intelligence to succeed, we need two things: intelligence and an artifact. The computer has been the
artifact of choice.

AT also owes a debt to the software side of computer science, which has supplied the operating systems,
programming languages, and tools needed to write modern programs

Control theory and Cybernetics (1948-present)
Ktesibios of Alexandria (c. 250 B.C.) built the first self-controlling machine: a water clock with a regulator that
kept the flow of water running through it at a constant, predictable pace.

Modern control theory, especially the branch known as stochastic optimal control, has as its goal the design of
systems that maximize an objective function over time.

Linguistics (1957-present)
Modem linguistics and Al then, were "born" at about the same time, and grew up together, intersecting in a
hybrid field called computational linguistics or natural language processing.

History of Artificial Intelligence

The gestation of artificial intelligence (1943-1955)

There were a number of early examples of work that can be characterized as AL but it was Alan Turing who
first articulated a complete vision of AT in his 1950 article "Computing Machinery and Intelligence.” Therein,
he introduced the Turing test, machine learning, genetic algorithms, and reinforcement learning.

The birth of artificial intelligence (1956)

McCarthy convineed Minsky, Claude Shannon, and Nathaniel Rochester to help him bring together U.S.
researchers interested in automata theory, neural nets, and the study of intelligence. They organized a two-
month workshop at Dartmouth in the summer of 1956. Perhaps the longest-lasting thing to come out of the
workshop was an agreement to adopt McCarthy's new name for the field: artificial intelligence.

Early enthusiasm, great expectations (1952-1969%)

The early years of Al were full of successes-in a limited way.

General Problem Solver (GPS) was a computer program created in 1957 by Herbert Simon and Allen Newell
to build a universal problem solver machine. The order in which the program considered subgoals and possible
actions was similar to that in which humans approached the same problems. Thus, GPS was probably the first
program to embody the "thinking humanly" approach.

At IBM, Nathaniel Rochester and his colleagues produced some of the first Al programs. Herbert Gelernter
(1959) constructed the Geometry Theorem Prover, which was able to prove theorems that many students of
mathematics would find quite tricky.

Lisp was invented by John McCarthy in 1958 while he was at the Massachusetts Institute of Technology (MIT).
In 1963, McCarthy started the AT lab at Stanford.




Tom Evans's ANALOGY program (1968) solved geometric analogy problems that appear in IQ tests, such as
the one in Figure 1.1
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A dose of reality (1966-1973)

From the beginning, Al researchers were not shy about making predictions of their coming successes. The
following statement by Herbert Simon in 1957 1s often quoted:

“It is not my aim fo surprise or shock you-but the simplest way I can summarize is to say that there are now in
the world machines that think, that learn and that create. Moreover, their ability to do these things is going to
increase rapidly until-in a visible future-the range of problems they can handle will be coextensive with the
range to which the human mind has been applied.

Knowledge-based systems: The key to power? (1969-1979)

Dendral was an influential pioneer project in artificial intelligence (AT) of the 1960s, and the computer software
expert system that it produced. Its primary aim was to help organic chemists in identifying unknown organic
molecules, by analyzing their mass spectra and using knowledge of chemistry. It was done at Stanford
University by Edward Feigenbaum, Bruce Buchanan, Joshua Lederberg, and Carl Djerassi.

Al becomes an industry (1980-present)

In 1981, the Japanese announced the "Fifth Generation" project, a 10-year plan to build intelligent computers
running Prolog. Overall, the AI industry boomed from a few million dollars in 1980 to billions of dollars in
1988.

The return of neural networks (1986-present)
Psychologists including David Rumelhart and Geoff Hinton continued the study of neural-net models of
memory.

Al becomes a science (1987-present)

In recent years, approaches based on hidden Markov models (HMMs) have come to dominate the area.
Speech technology and the related field of handwritten character recognition are already making the
transition to widespread industrial and consumer applications.

The Bayesian network formalism was invented to allow efficient representation of, and rigorous reasoning
with, uncertain knowledge.

The emergence of intelligent agents (1995-present)
One of the most important environments for mtelligent agents is the Internet.

APPLICATIONS OF ARTIFICIAL INTELLIGENCE

e Autonomous planning and scheduling:
o A hundred million miles from Earth, NASA's Remote Agent program became the
first on-board autonomous planning program to control the scheduling of
operations for a spacecraft (Jonsson et al., 2000).
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Remote Agent generated plans from high-level goals specified from the ground,
and it monitored the operation of the spacecraft as the plans were executed-
detecting, diagnosing, and recovering from problems as they occurred.

Game playing:

o

IBM's Deep Blue became the first computer program to defeat the world champion
in a chess match when it bested Garry Kasparov by a score of 3.5 to 2.5 in an
exhibition match (Goodman and Keene, 1997).

Autonomous control:
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The ALVINN computer vision system was trained to steer a car to keep it following
a lane.

It was placed in CMU's NAVLAB computer-controlled minivan and used to
navigate across the United States-for 2850 miles it was in control of steering the
vehicle 98% of the time

Diagnosis:

o

Medical diagnosis programs based on probabilistic analysis have been able to
perform at the level of an expert physician in several areas of medicine.

Logistics Planning:

o

During the Persian Gulf crisis of 1991, U.S. forces deployed a Dynamic Analysis
and Replanning Tool, DART (Cross and Walker, 1994), to do automated logistics
planning and scheduling for transportation.

This involved up to 50,000 vehicles, cargo, and people at a time, and had to account
for starting points, destinations, routes, and conflict resolution among all
parameters.

The Al planning techniques allowed a plan to be generated in hours that would have
taken weeks with older methods.

The Defense Advanced Research Project Agency (DARPA) stated that this single
application more than paid back DARPA's 30-year investment in Al.

Robotics:

o

Many surgeons now use robot assistants in microsurgery. HipNav (DiGioia et al.,
1996) is a system that uses computer vision techniques to create a three dimensional
model of a patient's internal anatomy and then uses robotic control to guide the
insertion of a hip replacement prosthesis.

Language understanding and problem solving:

o

PROVERB (Littman et al., 1999) is a computer program that solves crossword
puzzles better than most humans, using constraints on possible word fillers, a large
database of past puzzles, and a variety of information sources including dictionaries
and online databases such as a list of movies and the actors that appear in them.

Problem-solving agents

A Problem solving agent is a goal-based agent.

It decides what to do by finding sequence of actions that lead to desirable states.

The agent can adopt a goal and aim at satisfying it.

For example where our agent is in the city of Arad, which is in Romania.

The agent has to adopt a goal of getting to Bucharest.

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 which sequence of actions will get to a goal state.

Problem formulation is the process of deciding what actions and states to consider given a
goal.

Example: Route finding problem

On holiday in Romania : currently in Arad.
Flight leaves tomorrow from Bucharest
Formulate goal: be in Bucharest

Formulate problem:

states: various cities actions: drive between cities
Find solution: sequence of cities, e.g., Arad, Sibiu, Fagaras, Bucharest

Goal formulation and problem formulation

A problem is defined by four items:

initial state e.g., "at Arad"

Successor function S(x) = set of action-state pairs

e.g., S(Arad) = {[Arad -> Zerind;Zerind],....}

goal test, can be

explicit, e.g., x = at Bucharest"

path cost (additive)

e.g., sum of distances, number of actions executed, etc.

c(x; a; y) is the step cost, assumed to be >=0

A solution is a sequence of actions leading from the initial state to a goal state.

SEARCH :

An agent with several immediate options of unknown value can decide what to do by
examining different possible sequences of actions that leads to the states of known value,
and then choosing the best sequence.

The process of looking for sequences actions from the current state to reach the goal state
is called search.

The search algorithm takes a problem as input and returns a solution in the form of action
sequence.

Once a solution is found, the execution phase consists of carrying out the recommended
action.

The following shows a simple "formulate, search, execute" design for the agent.

Once solution has been executed, the agent will formulate a new goal.

It first formulates a goal and a problem, searches for a sequence of actions that would solve
a problem, and executes the actions one at a time.

function SIMPLE-PROBLEM-SOLVING-AGENT( percept) returns an action
inputs : percept, a percept
static: 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 is empty then do

goal € FORMULATE-GOAL (state)
problem €< FORMULATE-PROBLEM(state, goal)



seq € SEARCHY( problem)
action < FIRST(seq);
seq € REST(seq)

return action

The agent design assumes the Environment is

Static: The entire process carried out without paying attention to changes that might be
occurring in the environment.

Observable : The initial state is known and the agent's sensor detects all aspects that are
relevant to the choice of action

Discrete : With respect to the state of the environment and percepts and actions so that
alternate courses of action can be taken

Deterministic: The next state of the environment is completely determined by the current
state and the actions executed by the agent. Solutions to the problem are single sequence
of actions

An agent carries out its plan with eye closed. This is called an open loop system because
ignoring the percepts breaks the loop between the agent and the environment.

Well-defined problems and solutions

A problem can be formally defined by four components:

The initial state that the agent starts in . The initial state for our agent of example problem
is described by In(Arad)

A Successor Function returns the possible actions available to the agent.

Given a state X, SUCCESSOR-FN(x) returns a set of {action,successor} ordered pairs
where each action is one of the legal actions in state x,and each successor is a state that can
be reached from x by applying the action.

For example, from the state In(Arad),the successor function for the Romania problem
would return

{ [Go(Sibiu),In(Sibiu)],[Go(Timisoara),In(Timisoara)],[Go(Zerind),In(Zerind)] }

State Space: The set of all states reachable from the initial state. The state space forms a
graph in which the nodes are states and the arcs between nodes are actions.

A path in the state space is a sequence of states connected by a sequence of actions.

The goal test determines whether the given state is a goal state.

A path cost function assigns numeric cost to each action.

For the Romania problem the cost of path might be its length in kilometers.

The step cost of taking action a to go from state x to state y is denoted by c(x,a,y). It is
assumed that the step costs are non negative.

A solution to the problem is a path from the initial state to a goal state.

An optimal solution has the lowest path cost among all solutions.
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A simplified Road Map of part of Romania

UNINFORMED SEARCH STRATGES
e Uninformed Search Strategies have no additional information about states beyond that
provided in the problem definition.
e Strategies that know whether one non goal state is "more promising" than another are called
Informed search or heuristic search strategies.
There are five uninformed search strategies as given below.
0 Breadth-first search
0 Uniform-cost search
0 Depth-first search
0 Depth-limited search
0 Iterative deepening search
o Bidirectional Search

Breadth-first search

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

e In general, all the nodes are expanded at a given depth in the search tree before any nodes
at the next level are expanded.

e Breath-first-search is implemented by calling TREE-SEARCH with an empty fringe that
is a first-in-first-out(FIFO) queue, assuring that the nodes that are visited first will be
expanded first.

e In otherwards, calling TREE-SEARCH (problem,FIFO-QVEVE()) results in breadth-first
search.

e The FIFO queue puts all newly generated successors at the end of the queue, which means
that Shallow nodes are expanded before deeper nodes.



function BREADTH-FIRST-SEARCH( problem) 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 ezplored or frontier then
if problem.GOAL-TEST(child.STATE) then return SOLUTION( child)
frontier — INSERT(child, frontier)

Figure 3.11  Breadth-first search on a graph.
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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
4 11,110 11 milliseconds 10.6 megabytes
6 10° 1.1 seconds 1 gigabyte
8 108 2 minutes 103 gigabytes
10 1010 3 hours 10 terabytes
12 1012 13 days 1 petabyte
14 104 3.5 years 99 petabytes
16 106 350 years 10 exabytes
Figure 3.13  Time and memory requirements for breadth-first search. The numbers shown
assume branching factor b = 10; 1 million nodes/second; 1000 bytes/node.

UNIFORM-COST SEARCH

e Instead of expanding the shallowest node, uniform-cost search expands the node n with the
lowest path cost.

e Uniform-cost search does not care about the number of steps a path has,but only about their
total cost.

Sibiu to Bucharest.
e The successors of Sibiu are Rimnicu Vilcea and Fagaras, with costs 80 and 99, respectively.



The least-cost node, Rimnicu Vilcea, is expanded next, adding Pitesti with cost 80 +
97=177. The least-cost node is now Fagaras, so it is expanded, adding Bucharest with cost
99+211=310.

Now a goal node has been generated, but uniform-cost search keeps going, choosing Pitesti
for expansion and adding a second path to Bucharest with cost 80+97+101= 278.

Now the algorithm checks to see if this new path is better than the old one; it is, so the old
one is discarded. Bucharest, now with g-cost 278, is selected for expansion and the solution
is returned.

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

node «+— a node with STATE = problem.INITIAL-STATE, PATH-COST =0
frontier « a priority queue ordered by PATH-COST, with node as the only element
explored «— an empty set
loop do
if EMPTY?( frontier) then return failure
node «— POP( frontier) [* chooses the lowest-cost node in frontier */
if problem.GOAL-TEST(node.STATE) then return SOLUTION(node)
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 ezplored or frontier then
frontier «— INSERT(child, frontier)
else if child.STATE is in frontier with higher PATH-COST then
replace that frontier node with child

Figure 3.14  Uniform-cost search on a graph. The algorithm is identical to the general
graph search algorithm in Figure 3.7, except for the use of a priority queue and the addition
of an extra check in case a shorter path to a frontier state is discovered. The data structure for
frontier needs to support efficient membership testing, so it should combine the capabilities
of a priority queue and a hash table.

Bucharest

Figure 3.15  Part of the Romania state space, selected to illustrate uniform-cost search.

Depth-first search

Depth-first search always expands DEPTH-FIRST the deepest node in the current frontier
of the search tree.

Depth-first-search always expands the deepest node in the current fringe of the search tree.

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 fringe, so then the search "backs
up" to the next shallowest node that still has unexplored successors.

This strategy can be implemented by TREE-SEARCH with a last-in-first out (LIFO)
queue, also known as a stack.

Depth-first-search has very modest memory requirements.

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.

Once the node has been expanded, it can be removed from the memory, as soon as its
descendants have been fully explored.

For a state space with a branching factor b and maximum depth m, depth first-search
requires storage of only bm + 1 nodes.

Drawback of Depth-first-search

The drawback of depth-first-search is that it can make a wrong choice and get stuck going
down very long(or even infinite) path when a different choice would lead to solution near
the root of the search tree.

For example, depth-first-search will explore the entire left subtree even if node C is a goal
node
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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 M is the only goal node.

A variant of depth-first search called backtracking BACKTRACKING search uses still less
memory.

Backtracking search facilitates yet another memory-saving (and time-saving) trick: the idea
of generating a successor by modifying the current state description directly rather than
copying it first.

DEPTH-LIMITED-SEARCH

The problem of unbounded trees can be alleviated by supplying depth-first-search with a
pre-determined depth limit I.

That is,nodes at depth | are treated as if they have no successors.
This approach is called depth-limited-search.



The depth limit solves the infinite path problem.

Depth limited search will be nonoptimal if we choose | > d. Its time complexity is O(b ')
and its space complexity is O(bl).

Depth-first-search can be viewed as a special case of depth-limited search with | = 0o
Sometimes, depth limits can be based on knowledge of the problem.

For, example, on the map of Romania there are 20 cities.

Therefore, we know that if there is a solution, it must be of length 19 at the longest, So | =
10 is a possible choice.

However,it can be shown that any city can be reached from any other city in at most 9
steps.

This number known as the diameter of the state space, gives us a better depth limit.
Depth-limited-search can be implemented as a simple modification to the general tree
search algorithm or to the recursive depth-first-search algorithm.

The pseudocode for recursive depth-limited-search is shown.

It can be noted that the above algorithm can terminate with two kinds of failure : the
standard failure value indicates no solution; the cut off value indicates no solution within
the depth limit.

Depth-limited search = depth-first search with depth limit [, returns cut off if any path is
cut off by depth limit

function DEPTH-LIMITED-SEARCH( problem, limit) returns a solution, or failure/cutoff
return RECURSIVE-DLS(MAKE-NODE(problem.INITIAL-STATE), problem, limit)

function RECURSIVE-DLS(node, problem, limit) returns a solution, or failure/cutoff
if problem.GOAL-TEST(node.STATE) then return SOLUTION(node)
else if limit = 0 then return cutoff
else

cutoff_occurred? +— false

for each action in problem.ACTIONS(node.STATE) do
child — CHILD-NODE( problem, node, action)
result «+— RECURSIVE-DLS(child, problem, limit — 1)
if result = cutoff then cutoff_occurred? «— true
else if result # failure then return result

if cutoff_occurred? then return cutoff else return failure

Figure 3.17 A recursive implementation of depth-limited tree search.

The depth-limited search can terminate with two kinds of failure: the standard failure value
indicates no solution; the cutoff value indicates no solution within the depth limit.

Iterative deepening depth-first search

Iterative deepening search (or iterative deepening depth-first search) is a general strategy,
DEEPENING SEARCH often used in combination with depth-first tree search, that finds
the best depth limit.

It does this by gradually increasing the limit—first 0, then 1, then 2, and so on—until a
goal is found.

This will occur when the depth limit reaches d, the depth of the shallowest goal node.
Iterative deepening combines the benefits of depth-first and breadth-first search.



e Like depth-first search, its memory requirements are modest: O(bd) to be precise.

function ITERATIVE-DEEPENING-SEARCH( problem) returns a solution, or failure
for depth =0 to oc do
result «— DEPTH-LIMITED-SEARCH( problem, depth)
if result # cutoff then return result

Figure 3.18  The iterative deepening search algorithm, which repeatedly applies depth-
limited search with increasing limits. It terminates when a solution is found or if the depth-
limited search returns failure, meaning that no solution exists.
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Figure 3.19 Four iterations of iterative deepening search on a binary tree.

Bidirectional Search
e The idea behind bidirectional search is to run two simultaneous searches
e one forward from the initial state and
e other backward from the goal,
e |t stops when the two searches meet in the middle.
« The motivation is that b %2 + b %2 much less than b¢
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Figure 3.20 A schematic view of a bidirectional search that is about to succeed when a
branch from the start node meets a branch from the goal node.

Figure 3.21 compares search strategies in terms of the four evaluation critenia set forth in
Section 3.3.2. This comparison is for tree-search versions. For graph searches, the main
differences are that depth-first search i1s complete for finite state spaces and that the space and
time complexities are bounded by the size of the state space.

Criterion Bre:adth- Uniform- Depth- [?ep_th- Ilcratin_rﬂ Bidirectional
First Cost First Limited  Deepening  (if applicable)
Complete? Yes® Yes®? No No Yes® Yes®?
Time O(b) OpLIe ey oE™) O(b%) O(b%) O(B%/2)
Space O(b%) O(BFLEE) O(bm) O(bE) O(bd) O(542)
Optimal? Yes® Yes MNo No Yes® Yese-d
Figure 3.21  Evaluation of tree-search strategies. b is the branching factor; d is the depth
of the shallowest solution; m is the maximum depth of the search tree; [ is the depth limit.
Superscript caveats are as follows: © complete if b is finite; * complete if step costs > e for
positive e © optimal if step costs are all identical; ¢ if both directions use breadth-first search.




INFORMED (HEURISTIC) SEARCH STRATEGIES

GREEDY BEST — FIRST SEARCH

Greedy best-first search tries to expand the node that is closest to the goal, on the grounds that
this 1s likely to lead to a solution quickly

* Thus. the evaluation function 1s f{n) = h(n)

* E.g. 1n minimizing road distances a heunistic lower bound for distances of cities 1s their straight-line
distance

*» Greedy search ignores the cost of the path that has already been traversed to reach n

* Therefore, the solution given 1s not necessarily optimal

» If repeating states are not detected. greedy best-first search may oscillate forever between two

promising states

Because greedy best-first search can start down an infinite path and never return to try other
possibilities, 1t 1s incomplete

Because of its greediness the search makes choices that can lead to a dead end; then one backs
up in the search tree to the deepest unexpanded node

Greedy best-first search resembles depth-first search in the way it prefers to follow a single
path all the way to the goal, but will back up when 1t hits a dead end

The worst-case time and space complexity is O(b™)

The quality of the heuristic function determines the practical usability of greedy search

L)
GREEDY : Best First Search

Combining the two 1s to follow a single path at a time, but switch paths whenever some competing

path looks more promising than the current one.

Best first search 1s an instance of graph search algorithm in which a node is selected for
expansion based on evaluation function f (n).

The node which 1s the lowest evaluation 1s selected for the explanation because the evaluation
measures distance to the goal.

Best first search can be implemented within general search frame work via a prionity queue, a
data structure that will maintain the fringe in ascending order of f values.

This search algorithm serves as combination of depth first and breadth first search
algorithm. Best first search algorithm is often referred greedy algonithm this 1s because they
quickly attack the most desirable path as soon as its heuristic weight becomes the most
desirable.

For both depth-first and breadth-first search. which node in the search tree will be considered
next only depends on the structure of the tree.

* The rationale in best-first search 1s to expand those paths next that seem the most
“promising”. Making this vague idea of what may be promising precise means defining
heuristics.

Heuristics by means of a heuristic function h that 1s used to estimate the “distance™ of the
current node n to a goal node:

h(n) = estimated cost from node n to a goal node



The definition of h i1s highly application-dependent. In the route-planning domain. for instance, we
could use the straight-line distance to the goal location. For the eight-puzzle. we might use the number
of misplaced tiles.

Concept:

Step 1: Traverse the root node

Step 2: Traverse any neighbour of the root node. that is maintaining a least distance from the root
node and msert them 1n ascending order into the queue.

Step 3: Traverse any neighbour of neighbour of the root node, that 1s maintaining a least distance from
the root node and insert them in ascending order into the queue

Step 4: This process will continue until we are getting the goal node

e OPEN: nodes that have been generated, but have not examined. This 1s organized as a priority
queue.

e CLOSED: nodes that have already been examined. Whenever a new node 1s generated. check
whether 1t has been generated before.

Algorithm
1. OPEN = {initial state}.
2. Loop until a goal 1s found or there are no nodes left in OPEN:
— Pick the best node in OPEN
— Generate 1ts successors
— For each successor:
new—> evaluate 1t add 1t to OPEN. record its parent

generated before — change parent, update successors

[A]

rie ol

Greedy search:

h(n) = cost of the cheapest path from node n to agoal state.
Neither optimal nor complete

* Uniform-cost search:

g(n) = cost of the cheapest path from the initial state to node n.

Optimal and complete, but very inefficient

Advantage:
® [t 1s more efficient than that of BFS and DFS.



e Time complexity of Best first search 1s much less than Breadth first search.

e The Best first search allows us to switch between paths by gaining the benefits of both breadth
first and depth first search. Because, depth first 1s good because a solution can be found without
computing all nodes and Breadth first search 1s good because it does not get trapped in
deadends.

Disadvantages:
Sometimes. 1t covers more distance than our consideration.

A*SEARCH

e A¥* is a comerstone name of many Al systems and has been used since it was developed in
1968 by PeterHart; Nils Nilsson and Bertram Raphael.

e It is the combination of Dijkstra’s algorithm and Best first search. It can be used to solve many
kinds of problems.

e A* search finds the shortest path through a search space to goal state using heunstic function.
This technique finds minimal cost solutions and 1s directed to a goal state called A* search.

e In A¥* the * is written for optimality purpose.

e The A* algorithm combines features of uniform-cost search and pure heuristic search to

efficiently compute optimal solutions.

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 heuristic function to evaluate the cost of path that passes through the particular state.
This algorithm is complete if the branching factor 1s finite and every action has fixed cost. It can be
defined by following formula.
f (n)=g(n) + h(n)

Where

g(n): The actual cost path from the start state to the current state.

h (n): The estimated cost path from the current state to goal state.

f (n): The cost path from the start state to the goal state.
If h(n) 1s an underestimate of the path costs from node » to a goal node, then f{p) 1s an underestimate of
a path cost of going from a start node to a goal node via p.

Function f*(n):At any node n,it is the actual cost of an optimal path from node s to node n plus the
cost of an optimal path from node n to a goal node.

f*(n)=g*(n)+h*(n)

Where g*(n)=cost of the optimal path 1n the search tree from s to n:
h*(n)=cost of the optimal path in the search tree from n to a goal node:

For the implementation of A* algonithm we will use two arrays namely OPEN and CLOSE.
OPEN: An array which contains the nodes that has been generated but has not been yet examined.
CLOSE: An array which contains the nodes that have been examined.

Algorithm:
1.Create a search graph G.consisting solely of the start node s. Puts on a list called OPEN.



2 Create a list called CLOSED that s initially empty.

3.LOOP: if OPEN 1s empty, exit with failure.

4. Select the first node on OPEN, remove 1t from OPEN and put 1t on CLOSED. Call this node n.

5.If n 1s a goal node exit successfully with the solution obtained by tracing a path along the pointers
fromntosinG.

6.Expand node n. generating the set. M. of its successors and install them as successors of n in G.

7.Establish a pointer to n from those members of M that were not already in G(I .e. not already on
either OPEN or CLOSED). Add these members of M to OPEN . For each member of M that
was already on OPEN or CLOSED,decide whether or not to redirect its pointer to n. For each
member of M already on CLOSED. decide for each of its descendents in G whether or not to
redirect its pointer.

8 Reorder the list OPEN, either according to some scheme or some heuristic merit.

9.Goto LOOP

Example :

Path cost for S-D-G
JS) = g(5) + h(S)
=0+10-=210
fiD)=@0+3)+90 =12
fiG)=(0+3+3)+0 =26
Total path cost = f{S)+f{D)+f{G) = 28

Path cost for S-A-G’

fiS)=0+10 210

fid)=(0+2) + 8 =210
fiG)=(0+2+2)+0 24

Total path cost = f{S)+f{4d)+f(G’) 2 24

* Path 5-A-G 15 chosen = Lowest cost



Fig. 3.4 h’'Underestimates h

(0+4)
Fig. 3.5 h’“Overestimates h

Implementation:

The implementation of A* algorithm 1s 8-puzzle game_

Advantages:

Tt 15 complete and optimal.

It 1s the best one from other techniques.

Tt 15 used to solve very complex problems.

It is optimally efficient, i.e. there is no other optimal algorithm puaranteed to expand fewer
nodes than A*.

Disadvantages:

This algorithm 1s complete 1f the branching factor is finite and every action has fixed cost.

The speed execution of A* search is highly dependant on the accuracy of the heuristic
algorithm that 1s used to compute h (n).

It has complexity problems.

Admissibility
The property that A* always finds an optimal path, 1f one exists, and that the first path found to a goal

15 optimal is called the admissibility of A¥ Admissibility means that, even when the search space 1s

infinite, if solutions exist, a solution will be found and the first path found will be an optimal solution -

a lowest-cost path from a start node to a goal node.

Example heuristic functions:
= Let hl(n) be the straight-line distance to the goal location. This 1s an admissible heunistic, because no

solution path will ever be shorter than the straight-line connection.

Memory-bounded heuristic search

The simplest way to reduce memory requirements for Ax is to adapt the idea of iterative

deepening to the heuristic search context, resulting in the iterative-deepening A* (IDAx)
algorithm.



e The main difference between IDA* and standard iterative deepening is that the cutoff used
is the f-cost (g+h) rather than the depth; at each iteration, the cutoff value is the smallest f-
cost of any node that exceeded the cutoff on the previous iteration.

e Recursive best-first search (RBFS) is a simple recursive algorithm that attempts to mimic
the operation of standard best-first search, but using only linear space.

e RBFS is somewhat more efficient than IDAx, but still suffers from excessive node
regeneration.

e Like Axtree search, RBFS is an optimal algorithm if the heuristic function h(n) is
admissible.

e [IDAx and RBFS suffer from using too little memory.

e Between iterations, IDA# retains only a single number: the current f-cost limit.

e Two algorithms that do this memory reduce are MA* (memory-bounded Ax) and SMAx

(simplified MAx). SMAx

SMA proceeds just like Ax, expanding the best leaf until memory is full.

At this point, it cannot add a new node to the search tree without dropping an old one.

SMAx always drops the worst leaf node—the one with the highest f-value.

Like RBFS, SMAx then backs up the value of the forgotten node to its parent.

To avoid selecting the same node for deletion and expansion, SMAx* expands the newest

best leaf and deletes the oldest worst leaf.

Ca) After expanding Arad, Sibio,
amnd Rimndcn Viloe:a

(b)) After unmwinding back to Sibiw
amnd expanding Fagaras

591 A4S0

(o) After switching back to Rimnicu Vilcea
amnd expandine Pitesti

R

Figure 3 27 Stages in an RBFS search for the shortest route to Bucharest. The f-limit
wvalue for each recursive call is showmn on top of each cument node, and every node is labeled
with its f-cost. (a) The path via Rimmnicu Wilcea is followed until the current best leaf (Pitesti)
has a value that is worse than the best altermative path (Fagaras). (b) The recursion unwinds
and the best leaf wvalue of the forgotten subtree (417) is backed up to Rimnicu Wilcea:; themn
Fagaras is expanded. revealing a best leaf value of 450. {(c) The recursion unwinds and the
best leaf wvalue of the forgottem subtres (450) is backed up to Fagaras; then Rimnicu Vilcea is
expanded. This time, because the best alternative path (through Timisoara) costs at least 447
the expansion continues to Bucharest.

LOCAL SEARCH ALGORITHMS AND OPTIMIZATION PROBLEMS

e Local search algorithms operate using a single current node and generally move only to
neighbors of that node.
Advantages:
(1) they use very little
memory—usually a constant amount; and



(2) they can often find reasonable solutions in large or infinite state spaces

e In addition to finding goals, local search algorithms are useful for solving pure
optimization problems, in which the aim is to find the best state according to an objective
function.

e State-space landscape: A landscape has both “location” and “elevation”.

e |f elevation corresponds to cost, then the aim is to find the lowest valley—a global
minimum;

e if elevation corresponds to an objective function, then the aim is to find the highest
peak—a global maximum.

e A complete local search algorithm always finds a goal if one exists; an optimal algorithm
always finds a global minimum/maximum.

atechve Tuncian
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Figure4.1 A one-dimensional state-space landscape in which elevation comesponds to the
chjective function. The aim is to find the global maximum. Hill-climbing search moddifies
the current state to try to improve it, a5 shown by the armow. The various topographic features
are defined in the text.
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Hill-climbing search:

function HILL-CLIMBING{ problem) returns a state that is a local maximuom

crurrent «— MAKE-NODE] problem INITIAL-STATE)

loop do
neighbor «— a highest-valued successor of current
if meighbor. VALUE < cument. VALUE then retum current STATE
eurrent «— neighbor

Figure 4.2  The hill-climbing search algorithm, which is the most basic local search tech-
nigque. At each step the cumment node is replaced by the best neighbor; in this version, that
means the neighbor with the highest VALUE, but if a heuristic cost estimate k is used, we
would find the neighbor with the lowest f.

The hill-climbing search algorithm (steepest-ascent version) is shown in Figure 4.2.
It is simply a loop that continually moves in the direction of increasing value that is,
uphill.
It terminates when it reaches a “peak” where no neighbor has a higher value.
The algorithm does not maintain a search tree, so the data structure for the current node
need only record the state and the value of the objective function.
To illustrate hill climbing, we will use the 8-queens problem
Local search algorithms typically use a complete-state formulation, where each state has
8 queens on the board, one per column.
The successors of a state are all possible states generated by moving a single queen to
another square in the same column.
The heuristic cost function h is the number of pairs of queens that are attacking each
other, either directly or indirectly.
The global minimum of this function is zero, which occurs only at perfect solutions.
Figure 4.3(a) shows a state with h=17.
The figure also shows the values of all its successors, with the best successors having
h=12.
Hill-climbing algorithms typically choose randomly among the set of best successors if
there is more than one.

» Local maxima: a local maximum is a peak that is higher than each of its

neighboring states but lower than the global maximum.
» Ridges: Ridges result in a sequence of local maxima that is very difficult for
greedy algorithms to navigate.
« Plateaux: a plateau is a flat area of the state-space landscape.
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Figure 4.3  (a) An 8-queens state with heuristic cost estimate h = 17, showing the value of
h for each possible successor obtained by moving a queen within its column. The best moves

are marked. (b) A local minimum in the 8-queens state space; the state has h =1 but every
successor has a higher cost.

Stochastic hill climbing chooses at random from among the uphill moves; the probability
of selection can vary with the steepness of the uphill move.

First-choice hill climbing implements stochastic hill climbing by generating successors
randomly until one is generated that is better than the current state.

Figure 4.4  Illustration of why ridges cause difficulties for hill climbing. The grid of states
(dark circles) is superimposed on a ridge rising from left to right, creating a sequence of local
maxima that are not directly connected to each other. From each local maximum, all the
available actions point downhill.

Simulated annealing

Simulated annealing - To combine hill climbing with a random walk - is such an
algorithm.

In metallurgy, annealing is the process used to temper or harden metals and glass by

heating them to a high temperature and then gradually cooling them, thus allowing the
material to reach a low energy crystalline state.




To explain simulated annealing, we switch our point of view from hill climbing to
gradient descent.

Figure 2.11 shows simulated annealing algorithm.

It is quite similar to hill climbing.

Instead of picking the best move, however,it picks the random move.

If the move improves the situation,it is always accepted.

Otherwise,the algorithm accepts the move with some probability less than 1.

The probability decreases exponentially with the “badness” of the move — the amount E
by which the evaluation is worsened.

Simulated annealing was first used extensively to solve VLSI layout problems in the
early 1980s. It has been applied widely to factory scheduling and other large-scale
optimization tasks

function SIMULATED-ANNEALING( problem, schedule) returns a solution state

inputs: problem, a problem
schedule, a mapping from time to “temperature™

current +— MAKE-NODE(problemn . INITIAL-STATE)
fort =1 to oo do

T <« schedule(t)

if T"'=0 then return current

next < a randomly selected successor of current

AFE «— next.VALUE — current.VALUE

if AE > 0 then current «+— next

else current «— next only with probability e2#/T

Figure 4.5 The simulated annealing algorithm, a version of stochastic hill climbing where
some downhill moves are allowed. Downhill moves are accepted readily early in the anneal-
ing schedule and then less often as time goes on. The schedule input determines the value of
the temperature 7T as a function of time.

Local beam search

The local beam search algorithm3 keeps track of k states rather than just one.

It begins with k randomly generated states.

At each step, all the successors of all k states are generated.

If any one is a goal, the algorithm halts.

Otherwise, it selects the k best successors from the complete list and repeats.

In a local beam search, useful information is passed among the parallel search threads.

In its simplest form, local beam search can suffer from a lack of diversity among the k
states where the search is expensive.

A variant called stochastic beam search, analogous to stochastic hill climbing, helps
alleviate this problem.

Instead of choosing the best k from the pool of candidate successors, stochastic beam
search chooses k successors at random, with the probability of choosing a given successor
being an increasing function of its value.

Genetic algorithms

A genetic algorithm (or GA) is a variant of stochastic beam search in which successor
states

are generated by combining two parent states rather than by modifying a single state.

The analogy to natural selection is the same as in stochastic beam search, except that now
we are dealing with sexual rather than asexual reproduction.



24748552

32752411

24415124

32543213

(2)
Initial Population

24 31%

23 29%

20 26%

11 14%

(k)
Fitness Function

32752411

24748552

32752411

24415124

>~
>~

c)
Selection

32748552 ~ 3274¢1p2
| 24752411 - 24752411
32752124 ~ 322b2124
24415411 —= 2441541f]]
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Crossover Mutation

Figure 4.6

The genetic algorithm, illustrated for digit strings repre senting 8-queens states.
The mitial population in (a) is ranked by the fitness function in (b), resulting in pairs for
mating in (c). They produce offspring in (d), which are subject to mutation in (e).

Figure 4.7

The 8-queens states corresponding to the first two parents in Figure 4.6(c) and
the first offspring in Figure 4.6(d). The shaded columns are lost in the crossover step and the
unshaded columns are retained.

e A Genetic algorithm(or GA) is a variant of stochastic beam search in which successor
states are generated by combining two parent states,rather than by modifying a single

state.

e Like beam search, Gas begin with a set of k randomly generated states, called the
population. Each state, or individual,is represented as a string over a finite alphabet —
most commonly, a string of 0s and 1s.

e For example, an 8 8-quuens state must specify the positions of 8 queens,each in acolumn
of 8 squares,and so requires 8 x log2 8 = 24 bits.

probabilities in (b).

e Figure 2.13 describes the algorithm that implements all these steps.

Figure 2.12 shows a population of four 8-digit strings representing 8-queen states.

The production of the next generation of states is shown in Figure 2.12(b) to (e).

In (b) each state is rated by the evaluation function or the fitness function.

In (c),a random choice of two pairs is selected for reproduction, in accordance with the




function GENETIC-ALGORITHM( population, FITNESS-FN) returns an individual
inputs: population, a set of individuals
FITNESS-FN, a function that measures the fitness of an individual

repeat
new_population «— empty set
for i = 1 to SIZE( population) do
z +— RANDOM-SELECTION( population, FITNESS-FN)
y — RANDOM-SELECTION( population, FITNESS-FN)
child — REPRODUCE(z, y)
if (small random probability) then child < MUTATE( child)
add child to new_population
population < new_population
until some individual is fit enough, or enough time has elapsed
return the best individual in population, according to FITNESS-FN

function REPRODUCE(z, y) returns an individual
inputs: z, y, parent individuals

n «— LENGTH(z); ¢+ random number from | to n
return APPEND(SUBSTRING(z, 1, ¢), SUBSTRING(y, ¢ + 1, n))

Figure 4.8 A genetic algorithm. The algorithm is the same as the one diagrammed in
Figure 4.6, with one variation: in this more popular version, each mating of two parents
produces only one offspring, not two.

CONSTRAINT SATISFACTION PROBLEMS
A Constraint Satisfaction Problem is characterized by:
o _aset of variables {x1, x2, .., xn},

o _for each variable xi a domain Di with the possible values for that variable, and

0o _a set of constraints, i.e. relations, that are assumed to hold between the values of the
variables. [These relations can be given intentionally, i.e. as a formula, or extensionally, i.e. as a
set, or procedurally, i.e. with an appropriate generating or recognising function.
e We will only consider constraints involving one or two variables.
e The constraint satisfaction problem is to find, for each i from 1 to n, a value in Di for xi
so that all constraints are satisfied.
e A CS problem is usually represented as an undirected graph, called Constraint Graph
where the nodes are the variables and the edges are the binary constraints.
e Unary constraints can be disposed of by just redefining the domains to contain only the
values that satisfy all the unary constraints.
e Higher order constraints are represented by hyperarcs.
¢ In the following we restrict our attention to the case of unary and binary constraints.
e Consistency Based Algorithms use information from the constraints to reduce the search
space as early in the search as it is possible
o _This problem requires a lot of reasoning.

o _Time complexity of the problem is more as concerned to the other problems.

o _This problem can also be solved by the evolutionary approach and mutation operations.

o _This problem is dependent upon some constraints which are necessary part of the problem.
o _Various complex problems can also be solved by this technique.



Example

Variables WA, NT, Q, NSW V,SA T Tm@
Domains D), = | red, green, blue)
Constraints: adjacent regions must have different colors
eg., WA= NT (if the language allows this), or
(WA NT) = | (red, green), (red. blue), (green, red), (green. blue), . . .}

Figure 2.15 (a) Principle states and territories of Australia. Coloring this map can be viewed
as a constraint satisfaction problem. The goal is to assign colors to each region so that no
neighboring regions have the same color.

Constraint graph: nodes are vanables, arcs show constraints

O
®
=2

@

Figure 2.15 (b) The map coloring problem represented as a constraint graph.
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After V=blue | R RG B
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Figure 5.6 The progress of a map<oloring search with forward checking. WA — md
is assigned first: then forward checking deletes ivd from the domains of the neighboring
variables N7 and SA. After Q — green, green is deleted from the domains of N7, §4, and
NSW. After V' blue, blue is deleted from the domains of NS W and SA. leaving SA with
no legal values.

[1  CSP can be viewed as a standard search problem as follows :

| Initial state : the empty assignment {},in which all variables are unassigned.

| Successor function : a value can be assigned fo any unassigned vanable provided that
1t does not conflict with previously assigned variables.

| Goal test : the current assignment 1s complete.

"1 Path cost : a constant cost(E.g.,1) for every step.

] Every solution must be a complete assignment and therefore appears at depth n if there are n

variables.
Depth first search algorithms are popular for CSPs

Varieties of constraints :

(1) Unary constraimnts mvolve a single variable.

Example: SA # green

(11) Binary constraints involve pairs of variables.

Example: SA # WA

(111) Higher order constraints involve 3 or more vanables.

Example: cryptarithmetic puzzles.

(1v) Absolute constraints are the constraints, which rules out a potential solution when they are violated
(v) Preference constraints are the constraints indicating which solutions are preferred

CONSTRAINT PROPAGATION
In regular state-space search, an algorithm can do only one thing: search.

In CSPs there 1s a choice: an algorithm can search (choose a new variable assignment from several
possibilities) or do a specific type of inference called constraint propagation: using the constraints to
reduce the number of legal values for a variable, which in turn can reduce the legal values for another
variable, and so on.

Constramnt propagation may be intertwined with search, or it may be done as a preprocessing step,
before search starts. Sometimes this preprocessing can solve the whole problem, so no search i1s
required at all.

The key 1dea 1s local consistency. If we treat each variable as a node in a and each binary constraint as
an arc, then the process of enforcing local consistency in each part of the graph causes inconsistent
values to be eliminated throughout the graph. There are different types of local consistency, which we
now cover n furn.



So far our search algorithm considers the constraints on a variable only at the time that the

Varable 1s chosen by SELECT-VNASSIGNED-VARIABLE.
JBut by looking at some of the constraints earlier in the search. or even before the search has started. we
can drastically reduce the search space.

Forward checking
O Omne way to make better use of constraints during search is called forward checking.
0 Whenever a variable X 1s assigned. the forward checking process looks at each unas signed

variable Y that is connected to X by a constraint and deletes from Y "s domain any value that is
mnconsistent with the value chosen for X.

1 The following figure chows the progress of a map -coloring search with forward checling.

WA NT o NS ¥ ht T
Initial domains | R GE|RG E|RGE|RGE|RG BE|RG E|RG E
After Wai=red B} CB|RGE|REE|RGE| CGB/RGE
Adfter 0=green | B R EIRGEB B|RGE
after F=bive  |[B E| @ |R RGE

Figure 5.6  The progress of a mapcoloring search with forward checking. WA — md
is assigned first; then forward checking deletes red from the domains of the neighboring
variables N7 and 54, After (J — gieen, green is deleted from the domains of N7, 54, and
NSW. After V' — blue, blue = deleted from the domains of N&W and 54, leaving 54 with
no legal valugs,

Although forward checking detects many inconsistencies, it does not detect all of them.
J Constraint propagation is the general term for propagating the implications of a constraint on one
variable onto other variables.
Node consistency

A single variable (corresponding to a node in the CSP network) is node-consistent if all the values
mn the variable’s domain satisfy the wariable’s unary constraints. For example, in the variant of the
Australia map-coloring problem where South Australians dislike green, the variable SA starts with
domain {red , green, blue}, and we can make it node consistent by eliminating green, leaving SA
with the reduced domain {red , blue} We say that a network is node-consistent if every variable in the
network 1s node-consistent.

Arc Consistency
@ One method of constraint propagation
@ o is to enforce arc consistency
a Stronger than forward checking
a Fast
e Arc refers o a directed arc in the
@ @ constraint graph

@ Consider two nodes in the constraint
graph (e.g., 5A and N5W)
a An arc is consistent it

a For every value x of SA
@ @ There is some value y of NSV that is

consistent with x

@ Examine arcs for consistency in borh

Figure: Auvstralian Territories : ;
directions



K-Consistency
o Can define stranger forms of consistsncy

k-Consistency
A CSP is k-consistent if for any consistent assignment 1o & — 1 variables,
there is a consistent assignment for the k-th variable

@ l-consistency (node consistency)
o Each vanable by itself is consistent (has a non-empty domam)

e 2-consistency (arc consistency)
o 3-consistency (path consistency)
e Any pair of adjacent variables can be extended to a third

Local Search for CSPs

e Local search algonthms gead for many CSPs
@ Use complete-stats formulation

o Value assigned to every variable
a Successor function changes ane value at a time

o Have already seen this
4 Hill cimbing for B-quecns problem (AIMA & 4.3])
a Choose values vsing min-conflicts heurlstic

« Valuo that results in the minimum number of contlicts with other
variades

The key idea of CSP constramnt propagation is local consistency. If we treat each vanable as a node
1n a graph and each binary constraint as an arc, then the process of enforcing local consistency in each
part of the graph causes inconsistent values to be elimimated throughout the graph. There are different
types of local consistency, which we now cover in tum.

The Structure of Problems
Problem Structure

e Cansider ways in which the structurs of the problem’s constraint
graph can help find solutians

o Realworld problems require decamposition Into subproblems

Independent Sub problems

e T is not connected

e Coloning T and colring remaining
nodkes are mdependent subproblems

e Any solution for T combined with any
sclution For remaining nodes sclves the
prablkem

¢ Independent subprobiems correspond to
connected components of the
corstraint graph

NSW

o Sadly, such preblems are rare
Figure: Australon Terrtories



Tree-Structured CSPs

a A =imple case is when the constraint
graph is a tree
Figure: Tree-Structured CSP @ Can be solved in time linear in the
numizer of variables
@ Jrder wariables 5o that each parent

precedes its children
a Wiarking “hackward” apply arc

consistency between child and parent
e Warking “foreard,” assign walues
0.0:610:016 : :
censstent with parent

Figure: Linear crdering

e e & In most cases, CSPs are conmectsd
c i)

The key 1dea 15 local consistency. If we treat each vanable as a node in a graph and each binary
constraimnt as an arc, then the process of enforcing local consistency in each part of the graph causes
mconsistent values to be elmmnated throughout the graph There are different types of local
consistency, which we now cover m turm.

Global constraints

Global constraint i1s one mvolving an arbitrary number of vanables (but not necessanly all variables).
Global constramts occur frequently mn real problems and can be handled by special-purpese algonithms
that are more efficient than the general-purpose methods descnibed so far. For example, the Alldiff
constramt says that all the vanables mvolved mmst have distimct values (as m the cryptanthmete
problem above and Sudoku puzzles below). One simple form of inconsistency detection for Alldiff
constramts works as follows:

1f m variables are nvolved in the constramt, and if they have n possible distinet values altogether,

and m=n, then the constraint cannot be satsfied.

This leads to the following simple algonthm:

First, remove any vanable m the consiramnt that has a singleton domam, and delete that vanable’s value
from the domamns of the remaining vanables.

Pepeat as long as there are singleton vanables. If at any point an empty domain 15 produced or there
are more varables than domain values left, then an mconsistency has been detected.

Eesource constraint

Another mmportant higher-order constraint is the resource constraint, sometimes called the atmost
constramt. For example, in a scheduling problem, let P denote the numbers of personnel assigned to
each of four tasks. The constramnt that no more than 10 personnel are assigned m total 1s wnften as
Atmeost (10.P1.P2.P3 P14, _F).

Instead domains are represented by upper and lower bounds and are managed by bounds
propagation. For example, m an airhine-scheduling problem. let’s suppose there are two flights. F
land F2, for which the planes have capacities 165 and 385, respectively. The imfial domams for the
mumbers of passengers on each flight are then D1=[0, 165] and D2=[0, 385] .

Sudoku example
The popular Sudoku puzzle has mfroduced millhions of people to constramt satisfachon problems,
although they may not recogmize 1t. A Sudoku board consists of 81 squares, some of which are imitially



filled with digits from 1 to 9. The puzzle is to fill in all the remaining squares such that no digit appears
fwice in any row, column. or 3 x3 box (see Figure 6.4). A row, column, or box is called a unit.

The Sudoku puzzles that are pninted in newspapers and puzzle books have the property that there is
exactly one solution. Although some can be tricky to solve by hand taking tens of minutes, even the
hardest Sudoku problems yield to a CSP solver in less than 0.1 second. Sudoku puzzle can be
considered a CSP with 81 vanables, one for each square. We use the vanable names A1 through A9
for the top row (left to right), down to 11 through I9 for the bottom row. The empty squares have the
domain {1, 2,3, 4, 5, 6, 7, 8, 9} and the pre- filled squares have a domain consisting of a single
value. In addition, there are 27 different

1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 B 9
A 3 2 6 Al4|813]19[2]1]6|5]7
819 3 5 | 8l9{6/7]3]4]5]18]|2]1
G 1]8 614 cl2]5/1]8[7]6]4]19]3
D 811 219 ol5|4|8]1]3]2]19]7]6
Ey7 8 Ey712]|9]5]6]4)1|3|8
F 6|7 8]2 FL1]3]16]17(9]|8]12]41]5
G 216 915 al3|712]6|8]|9]15]1]4
HI 8 > 3 9 Hi8|1]4]2]5]3]17]|6|9
' 5 | 3 1161915141 [7]3]8]2

(a) (b}
Figore 6.4  (2) A Sudoku puzzle and (b) its solution.

Alldiff constraints: one for cach row, column, and box of 9 squares.

AllGiff (A1, A2, A3, A4, A5, A6, AT, AR, A9)
Alldiff (B1, B2, B3, B, B5, BG, BT, BS. BY)

Allaiff (AL B1,C1, D1, E1. F1,G1,H1.11)
Alldiff{A2.B2,C2, D2, E2, F2,G2. H2.12)

Alldiff (A1, A2, A3, B1. B2, B3.C1,C2.C3)
Alldiff [ A4. A5, A6, B4, B5, B6.C'4.05,C6)

It is interesting to note how far we can go without saying much that is specific to Su-
doku, We do of course have to say that there are 81 vanables, that their domauns are the digits
1 t0 9, and that there are 27 Alldiff constraints. But beyond that, all the strategies—arc con-
sistency, path consistency. elc.—apply generally w all CSPs, not just o Sudoku problems.
Even naked triples s really a strategy for enforcing consistency of Alldif] constraints and
has nothing to do with Sudoku per se, This is the power of the CSP formalism: for each new
problem area, we only need to define the problem in terms of constraints: then the general
constraint-solving mechanisms can take over.



BACKTRACKING SEARCH:

The term backtracking search is used for depth-first search that chooses values for one variable
at a time and backtracks when a variable has no legal values left to assign.

function BACKTRACKING-SEARCH(csp) returns a solution, or failure
return BACKTRACK({ }. esp)

function BACKTRACK(assignment, csp) returns a solution, or failure
if assignment is complete then return assignment
var «— SELECT-UNASSIGNED-VARIABLE(csp)
for each value in ORDER-DOMAIN-VALUES(var, assignment, csp) do
if value is consistent with assignment then
add {var = value} to assignment
inferences «— INFERENCE( csp, var, value)
if inferences # failure then
add inferences to assignment
result — BACKTRACK(assignment, csp)
if result # failure then
return result
remove { var = value } and inferences from assignment
return failure

| —
Figure 6.5 A simple backtracking algorithm for constraint satisfaction problems. The al-
gorithm is modeled on the recursive depth-first search of Chapter 3. By varying the functions
SELECT-UNASSIGNED-VARIABLE and ORDER-DOMAIN-VALUES, we can implement the
general-purpose heuristics discussed in the text. The function INFERENCE can optionally be
used to impose arc-, path-, or k-consistency, as desired. If a value choice leads to failure
(noticed either by INFERENCE or by BACKTRACK), then value assignments (including those
made by INFERENCE) are removed from the current assignment and a new value is tried.




The term backtracking search is used for a depth-first search that chooses values for one variable

at a time and backtracks when a variable has no legal values left to assign. It repeatedly chooses an
unassigned variable, and then tries all values in the domain of that variable in turn, trying to find a
solution. If an inconsistency is detected, then BACKTRACK returns failure, causing the previous call
to try another value. Part of the search tree for the Australia problem is shown in Figure 6.6, where we
have assigned variables in the order WA, NT,Q,.... Because the representation of CSPs is tandardized.,
there is no need to supply BACKTRACKING-SEARCH with a domain-specific initial state, action
function, transition model, or goal test.

Notice that BACKTRACKING-SEARCH keeps only a single representation of a state and
alters that representation rather than creating new ones.

Figure 6.6  Pan of the search tree for the map-coloring problem in Figure 6.1.

It turns out that we can solve CSPs efficiently without such domain-specific knowledge. Instead, we
can add some sophistication to the unspecified functions, using them to address the following
questions:

1. Which variable should be assigned next (SELECT-UNASSIGNED-VARIABLE). and in

what order should its values be tried (ORDER-DOMAIN-VALUES)?

2. What inferences should be performed at each step in the search (INFERENCE)?
3. When the search arrives at an assignment that violates a constraint, can the search avoid repeating
this failure?



ADVERSARIAL SEARCH

GAME PLAYING

There were two reasons that games appeared to be a good domain in which to explore machine
intelligence:

* They provide a structured task in which if 15 very easy to measure success or failure.

* They did not obviously require large amounts of kmowledge. They were thought fo be

solvable by straightforward search from the starting state to a winning position
The first of these reasons remains valid and accounts for confinued interest in the area of game plaving
by machine.
Unfortunately, the second is not true for any but the simplest games.
For example, consider chess.

» The average branching factor is around 35.

* In an average game, each player might make 50 moves.

- So in order to examine the complete game tree, we would have to examine 35'™ positions.
Thus 1t 15 clear that a program that simply does a straight forward search of the game tree will not be
able to select even its first move during the lifetime of its opponent.

Some kinds of heuristic search procedure is necessary to improve the gffectiveness of a search-based
problem-solving program two things can be done:
1. Improve the generate procedure so that only good moves (or paths) are generated.
2. Improve the fest procedure so that the best moves {or paths) will be recognized and
gxplored first
As the number of legal moves available increases, it becomes increasmngly important to apply
heuristics to select only those that have some kind of promise.

The ideal way fo use a search procedure to find a solution fo a problem is to generate moves through
the problem space uniil a goal state is reached.

In the context of game-playing programs a goal state is one in which we win Unforthumately, for
inferesting games such as chess. it is not usually possible, even with a good Plausible- move generator,
to search until a goal state is found.

Static evaluation funcfion

In order to choose the best move, the resulting positions must be compared to discover which is most
advantageous. This is done using a static evaluation function, which uses whatever information it has
to evaluate individual board positions by estimating how likely they are to lead eventually to a win.

A very simple static evaluation function for chess based on piece advantage was proposed by Turing
—simply add the values of black’s pieces (B), the values of white's pieces (W), and then

compute the quotent W/B.
A more sophisticated approach was that taken in Samwel's checkers program in which the static
evaluation function was a linear combination of several simple functions. Thus the complete
evaluation function had the form-

cl x pieceadvantage + ¢2 x advancement + ¢3 x centercontrol



Unfortunately, deciding which moves have contributed to wins and which to losses is not always easy.
Suppose we make a very bad move. but then, because the opponent makes a mistake, we ultimately
win the game. We would not like to give credit for winning to our mistake.

Two important knowledge-based components of a good game-playing program:
® a good plausible-move generator and
® a good static evaluation function.

They must both incorporate a great deal of knowledge about the particular game being played. But
unless these functions are perfect, we also need a search procedure that makes it possible to look ahead
as many moves as possible to see what may occur.

For a simple one-person game or puzzle, the A* algorithm can be used. It can be applied to reason
forward from the current state as far as possible in the time allowed. The heuristic function h' can be
applied at terminal nodes and used to propagate values back up the search graph so that the best next
move can be chosen. But because of their adversanal nature, this procedure i1s inadequate for two-
person games such as chess.

As values are passed back up. different assumptions must be made at levels where the program
chooses the move and at the altemating levels where the opponent chooses. There are several ways
that this can be done. The most commonly used method 1s the minimax procedure.

An altemative approach 1s the B* algorithm which works on both standard problem-solving trees and
on game trees.

MINIMAX SEARCH PROCEDURE

e The minimax search procedure 1s a depth-first. depth-limited search procedure.

e The idea 1s to start at the current position and use the plausible-move generator to generate the set
of possible successor positions.

e Static evaluation function 1s applied to the positions and simply choose the best one. After doing
so, the values are backed up to the starting position to represent the evaluation of 1it.

The starting position is exactly as good for us as the position generated by the best move we can make

next. Here we assume that the static evaluation function returns large values to indicate good situations

for us. so our goal 1s to maximize the value of the static evaluation function of the next board position.

An example of this operation i1s shown in figure 2.1. It assumes a static evaluation functions that

retumns values ranging from -10 to 10, with 10 indicating a win for us, -10 a win for the opponent. and

0 an even match. Since our goal 1s to maximize the value of the heuristic function, we choose to move

to B. Backing B’s value up to A. we can conclude that A’s value 1s 8, since we know we can move to a

position with a value of 8.

B ] [o]
® @ 2

Figure 2.1 One Ply Search

But since we know that the static evaluation function i1s not completely accurate. we would like to
carry the search farther ahead than one ply.

This could be very important. for example, 1n a chess game in which we are in the middle of a piece
exchange. After our move. the situation would appear to be very good. but. if we look one move




ahead. we will see that one of our pieces also gets captured and so the situation 1s not as favorable as 1t
seemed.

¢ Jlook ahead to see what will happen to each of the new same positions at the next move
which will be made by the opponent.

* Instead of applying the static evaluation function to each of the positions that we just generated.
we apply the plausible-move generator, generating a set of successor positions for each
position,

* If we wanted to stop here. at two-ply look ahead. we could apply the static evaluation function

to each of these positions, as shown in figure 2 2.

@/ AN
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Figure 2 2: Two Ply Search
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Figure 2.3: Backing Up the Values of a Two — Ply Search

But now we must take into account that the opponent gets to choose which successor moves to make
and thus which terminal value should be backed up to the next level.
Suppose we made move B. Then the opponent must choose among moves EF, and G.
The opponent’s goal is to minimize the value of the evalunatiom function. so he or she can be
expected to choose move F. This means that if we make move B, the actual position in which we will
end up one move later 1s very bad for us. This 15 true even though a possible configuration 1s that
represented by node E. which is very good for us. But since at this level we are not the ones to move,
we will not get to choose 1t. Figure 2.3 shows the result of propagating the new values up the tree.
¢ At the level representing the opponent’s choice, the minimum value was chosen and
backed up. At the level representing our choice, the maximum value was chosen.
Once the values from the second ply are backed up. it becomes clear that the correct move for us to
make at the first level, given the information we have awvailable, 1s C, since there 1s nothing the
opponent can do from there to produce a value worse than -2.
Thus process can be repeated for as many ply as time allows, and the more accurate evaluations that are
produced can be used to choose the correct move at the top level
s  The alternation of maximizing at alternate ply when evaluations are being pushed back up
corresponds to the opposing strategies of the two players and gives this method the name

minimax.

Game can be formally defined as a search problem as below:



& 5g: The initial state, which specifies how the game is set up at the stan.

e PLAYER(s]: Dehnes whach player has the move in a state.

ACTIONS(s ): Returns the set of legal moves in a state

e ResuLT(s,a): The transition model, which defines the result of a move

® TERMINAL-TEST(5): A terminal test, which is true when the game is over and false
otherwise. States where the game has ended are called terminal states.

e UTILITY (s, p}: A utility function (also called an objective tunction or payoff function),
defines the final numeric value for a game that ends in terminal state s for a player p. In

Minimax algorithm

function MINIMAX-DECISION(state) returns an action
inputs: stafe, current state in game

return the o in AcTions(state) maximizing MiN-VALUE(RESULT( 2, stafe))

function Max-VALUE(state) returns a utility value
if TERMINAL-TEST(sfate) then return UTILITY( stale)
Ud— —0
for a. sin Successors(state) do v Max(v, Min-VALUE(<))
return v

function MIN-VALUE(state) returns o utility value
if TERMINAL-TEST(state) then return UTILITY( state)
1 = O
for a, sin SUCCESSORS(state) do v MIN(v, MAX-VALUE(s))
returm v

Tvpes of games:

deterministic chance

perfect information chess, checkers, backgammon
go, othello monopoly

imperfect information battleships, bridge, poker, scrabble
blind tictactoe nuclear war

It 1s a straighiforward recursive procedure that relies on two auxihary procedures that are specific to
the game being played:

1. MOVEGEN(Position, Player)-The plausible-move generator, which returms a list of nodes
representing the move that can be made by Player in Positions.

2. STATIC(Position, Player)- The static evaluation function, which returns a number representing the
goodness of position from the standpoint of playerz.



As with any recursive program. a critical issue in the design of the MINIMAX procedure 1s when to
stop the recursion and simply call the static evaluation function. There are a variety of factors that may
mfluence this decision. They include:
¢ Has one side won?
¢  How many ply have we already explored?
¢ How promising is this path?
¢ How much time 1s left?
¢ How stable 1s the configuration?
DEEP-ENOUGH, which is assumed to evaluate all of these factors and to return TRUE if the search
should be stopped at the current level and FAILSE otherwise. Our simple implementation of DEEP-
ENOUGH will take two parameters, Position and Depth. It will ignore its Position parameter and
simply return TRUE if its Depth parameter exceeds a constant cutoff value.
Omne problem that anises i defining MINIMAX as a recursive procedure is that 1t needs to refurn not
one but two regults:
¢ The backed-up value of the path 1t chooses.
® The path itself We return the entire path even though probably only the first element,
representing the best move from the current position, 1s actually needed.
We assume that MINIMAX returns a structure contaiming both results and that we have two functions,
VALUE and PATH, that extract the separate components.
Since we define the MINIMAX procedure as a recwrsive functions, we must also specify how 1t is to
be called mitially. It takes three parameters, a board position, the current depth of the search, and the
player to move. So the initial call to compute the best move from the position CURRENT should be
MINIMAX(CUERRENT. 0. PLAYER-ONE) 1f PLAYER-ONE 15 to move. or
MINIMAX(CURRENT.0 PLAYER-TWO) 1of PLAYER-TWO is to move.

MINIMAX(Position, Depth, Player)
1. If DEEP-ENOUGH(Position, Depth), then return the structure
VALUE=STATIC(Position, Player);
PATH=nil
This mdicated that there 1s no path from this node and that 1ts value 1s that determined by the static
evaluation functions.
2. Otherwise, generate one more ply of the tree by calling the function MOVE-GEN({Position Player)
and setting SUCCESSORS to the list 1t returns.
3. If SUCCESSORS 1is not empty, then there are no moves to be made, so return the same structure
that would have been that would have been returned 1f DEEP-ENOUGH had returned true.
4. If SUCCESSORS 1s not empty, then examine each element in turn and keep track of the best one.
This is done as follows.
Initialize BEST-SCORE to the mintmum value that STATIC can return. It will be updated to reflect
the best score that can be achieved by an element of SUCCESSORS.
For each element SUCC of SUCCESSORS, do the following:
(a) Set RESULT-SUCC TO
MINIMAX{SUCC, Depth+1, '.CI‘P'P’C'SITEl(}"lza.‘_l,rer)]3
This recursive call to MINIMAZX will actually carry out the exploration of SUCC.
(b) Set NEW-VALUE to-VALUE(RESULT-SUCC). This will cause it to reflect the merits of the
position from the opposite perspective from that of the next lower level.



(c)If NEW-VALUE > BEST-SCORE, Then we have found a successor that is better than any that
have been examined so far. Record this by doing the following:
1. Set BEST-SCORE to NEW-VALUE.

1. The best known path 1s now from CURRENT to SUCC and then on to the appropniate path
down from SUCC as determined by the recursive call to MINIMAX. So set BEST-PATH to
the result of attaching SUCC to the front of PATH(RESULT-SUCC).
5. Now that all the successors have been examined. we know the value of Position as well as which
path to take form 1t. So return the structure.

VALUE=BEST-SCORE

PATH=BEST-PATH
When the initial call to MINIMAX returns, the best move from CURRENT is the first element of
PATH.

OPTIMAL DECISION IN GAMES : ALPHA BETA PRUNING:

The MINMAX search procedure is slightly modified to handle both maximizing and minimizing
players. It 1s also necessary to modify the branch and bound strategy to include two bounds, one for
each of the players. This modified strategy 1s called alpha beta pruning.
It requires the maintenance of two threshold values,

e Alpha o : lower bound on the value that a maximizing node may ultimately be assigned

e Beta B : upper bound on the value that a minimizing node may be assigned.

Maximizing ply

Minimizing ply

(3) (5) (-5)
Figure 2.4 An Alpha Cutoff

After examining node F, we know that the opponent 1s guaranteed a score of -5 or less at C (since the
opponent 1s the minimizing player). But we also know that we are guaranteed a score of 3 or greater at
node A which we can achieve if we move to B.

Any other move that produces a score of less than 3 1s worse than the move to B. and we can ignore 1t.
After examining only F we are sure that a move to C 1s worse (it will be <=-5) regardless of the score
of node G. Thus we need not bother to explore node G at all. Of course, cutting out one node may not
appear to justify the expense of keeping track of the limits and checking them. but if we were
exploring this tree to 6 ply. then we would have eliminated not a single node but an entire tree 3 ply
deep.
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Figure 2 3 Alpha and Beta Cutoffs

To see how the two thresholds, alpha and beta can both be used, consider the examiple shown in figure
2.3. In searching this tree the entire sub tree headed by B is searched. and we discowver that at A we can
expect a score of at least 3.

When thas alpha value 1s passed down to F_it will enable us to skip the exploration of L. After K 1s
examined, we see that I 15 guaranteed a maximum score of 0, which means that F 15 guaranteed a
mimimum of 0. But this 1s less than alpha's value of 3, so no more branches of I need to be considered.
The maximizing player already knows not to choose to move to C and then to I since, if that mowve 1s
made, the resulting score will be no better than 0 and a score of 3 can be achieved by moving to B
mstead.

Now let's see how the wvalue of beta can be used. Afier cutting off further exploration of I. J 1s
exammed. vielding a value of 5, which 1s assigned as the value of F (since 1t 1s the maxamum of 5 and
0). This value becomes the value of beta at node C. 1t indicates that C is guaranteed to get a 5 or less.
Now we must expand G. Fust M 1s examined and 1t has a value of 7, which 1s passed back to G as 1is
tentative value. But now 7 1s compared to beta (5). It 1s greater, and the player whose tum 1t 1s at node
C 1is trymng to minimize So this player will not choose G, which would lead to a score of at least 7,
since there 1s an alternative move to F. which will lead to a score of 5. Thus it 1s not necessary to

explore any of the other branches of G.

From this example,
* At maximizing levels. we can rule out a move early if 1t becomes clear that 1ts value will be
less than the current threshold,
¢ At mimimizing levels, search will be termunated if values that are greater than the current
threshold are discovered.
¢  Af maximizing levels, only beta is used to determine whether to cur off the search, and at

mimimizing levels only alpha is used.

AL PHA-BETA SEARCH ALGORITHM
- The problem with minimax search is that the number of game states it has to examine 1s
exponential i the number of moves. Unfortunately we can’t eliminate the exponent, but we

can effectively cut 1t in half The trick is that 1t 15 possible to compute the correct minimax
decision without looking at every node in the game tree.

- Alpha-beta pruning technique 1s applied to a standard munimax tree, it returns the same move
as munimax would, but prunes away branches that cannot possibly influence the final decision.



The outcome is that we can identify the minimax decision without ever evaluating two of the

leaf nodes.

Another way to look at this 1s as a simplification of the formula for MINIMAX VAT UE. Let
the two unevaluated successors of node C in figpure have values x and v and let z be the

minimum of x and v. The value of the root node 1s given by

MINIMAX-VAT UE(root)
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In other words, the value of the root and hence the mimimax decision are independent of the
values of the pruned leaves x and v

Alpha-beta pruning can be applied to trees of any depth, and it 1s ofien possible to prune entire
subtrees rather than just leaves.

The general pninciple 1s this: consider a node n somewhere mn the tree such that Player has a
choice of moving to that node.

MAX //\H
M \/ W

If Player has a better choice m either at the parent node of n or at any choice point further up,
then n will never be reached in actual play. So once we have found out enough about n to reach
this conclusion, we can prune it.

Alpha-beta pruning gets its name from the following two parameters that describe bounds on
the backed-up values that appear anywhere along the path:

a = the value of the best (1.e.. highest-value) choice we have found so far at any choice
point along the path for MAX.
p= the value of the best (i.e.. lowest-value) choice we have found so far at any choice

point along the path for MIN

Alpha-beta search updates the values of a and [ as it goes along and prunes the remaining
branches at a node as soon as the value of the current node 1s known to be worse than the
current a or P value for MAX or MIN respectively.

The effectiveness of alpha-beta pruming i1s highly dependent on the order m which the
successors are examined. For ex. i figure we could not prune any successors of D at all
because the worst successors were generated first. If the third successor had been generated
first, we would have been able to prume the other two. This suggests that it mught be
worthwhile to try to examine first the successors that are likely to be best.

The alpha-beta search algorithm



function ALPHA-BETA-SEARCH(state) returns an action
inputs: state_ current state in game

v + MAX-VALUE(state, —00, +00)
return the action in SUCCESSORS(state) with value v

function MAX-VALUE(state, a, 3) returns a utility value
inputs: state. current state in game
a, the value of the best altemative for MAX along the path to state
3. the value of the best alternative for MIN along the path to state

if TERMINAL-TEST(state) then return UTILITY(state)
v —o0
for a, s 1 SUCCESSORS(state) do
v « MAX(v. MIN-VALUE(s. a. 3))
ifv > /3 then return v
a + MAX(a. V)
refurn v

function MIN-VALUE(state, a. 3) returns a utility value
inputs: state, current state in game
a, the value of the best alternative for MAX along the path to state
/3, the value of the best altemative for MIN along the path to state

if TERMINAL-TEST(state) then return UTILITY(state)
v < +00
for a, s 1 SUCCESSORS(state) do
v + MIN(v, MAX-VALUE(s, a. 3))
ifv < o then return v
3+ MIN(B. V)
return v



STOCHASTI C GAMES
In real life, there are many unpredictable external events that put us into unforeseen situations.

» Many games nurror this unpredictability by including a random element, such as the throwing of dice.

» In this way, they take us a step nearer reality, and 1t 1s worthwhile to see how this affects the decision-
making process.

* Backgammon 1s a typical game that combmes luck and skill. Dice are rolled at the beginmng of a
player’s turn to determine the legal moves. In the backgammon position of figure. for example, whate
has rolled a 6-5. and has four possible moves.

s Although White knows what his or her own legal moves are, White does not know what Black is going
to roll and thus does not know what Black’s legal moves will be.

¢ That means White cannot construct a standard game tree of the sort we saw 1n chess and tic-tac-toe.

* A game tree i backgammon must include chance nodes i addition to MAX and MIN node Chance
nodes are shown as circles in Fig.

¢ The branches leading from each chance node denote the possible dice rolls, and each 1s labeled with the
roll and the chance that it will occur.

Figure: A typical backgammon position. The goal of the game is to move all one’s pieces off the

board.
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+ There are 36 ways to roll two dice, each equally likely: but because a 6-5 is the same as a 5-6, there are
only 21 distinct rolls a 1/18 chance each.

» The next step 1s to understand how to make correct decisions.

»  Obwviously, we still want to pick the move that leads to the best position.

* However, the resulting positions do not have definite minimax values.

+ Instead, we can only calculate the expected value, where the expectation is taken owver all the possible
dice rolls that could occur.

This leads us to generalize the mummmax value for deterministic games to an expectimumimax value for

games with chance nodes.

- Terminal nodes and MAX and MIN nodes work exactly the same way as before; chance nodes
are evaluated by taking the weighted average of the values resulting from all possible dice rolls,

that 1s.
EXPECTIMINIMAX(n) =
UTILITY (n) if n 15 a terminal state
Max. € Successors(n) EXPECTIMINIMAX(s) 1fn 15 a MAX node
min.eSuccessors(n) EXPECTIMINIMAX(s) ifn 1s a MIN node

¥ :E5uccessors(n)P(s). EXPECTIMINIMAX(s) if n 1s a chance node

Where the successor function for a chance node n simply augments the state of n with
each possible dice roll to produce each successor s and P(s) 1s the probability that that
dice roll occurs. These equations can be backed up recursively all the way to the root of
the tree, just as in minimax.



Position evaluation in games with chance nodes

- As with mimmimax, the obvious approximation to make with expectiminimax 1s to cut the search
off at some point and apply an evaluation function to each leaf.

- One mught think that evaluation functions for games such as backgammon should be just like
evaluation functions for chess — they just need to give higher scores to better positions.

- But in fact. the presence of chance nodes means that one has to be more careful about what the

evaluation values mean.
Figure: An order preserving transformation on leaf values changes the hest mave.

DICE

- Figure shows what happens: with an evaluation function that assigns values [1.2.3.4] to the
leaves, move Al 1s best; with values [1,20,30.400], move A2 1s best. Hence, the program
behaves totally differently if we make a change in the scale of some evaluation values.

- It turns out that, to avoid this sensitivity, the evaluation function must be a positive linear
transformation of the probability of winning from a position

Complexity of expectiminimax

- If the program knew in advance all the dice rolls that would occur for the rest of the game,
solving a game with dice would be just like solving a game without dice, which minimax does
m O(b™) time. Because expectiminimax is also considering all the possible dice-roll sequences,
it will take O(b™n™), where n is the number of distinct rolls.

- Even if the search depth is limited to some small depth d . the extra cost compared with that of
mimmax makes it unrealistic to consider looking ahead very far in most games of chance.

- In backgammon n is 21 and b is usually around 20, but in some situations can be as high as
4000 for dice rolls that are doubles. Three plies 1s probably all we could manage



