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UTILITY (s) if TERMINAL-TEST (s)
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function MINIMAX-DECISION(state) returns an action
return argmax,_ . ACTIONS s) MIN-VALUE(RESULT(state, a))

function MAX-VALUE(state) returns a utilily value
if TERMINAL-TEST(state) then return UTILITY(state)
V< —0O0
for each a in ACTIONS(state) do
v «— MAX(v, MIN-VALUE(RESULT(s, a)))
return v

function MIN-VALUE(state) returns a utility value
if TERMINAL-TEST(state) then return UTILITY(State)
v «— 00
for each ¢ in ACTIONS(state) do
v «— MIN(v, MAX-VALUE(RESULT(s, a)))
return v
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= max(3, min(2, z,y), 2)

max(3, z, 2) where z = min(2, z,y) < 2
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function ALPHA-BETA-SEARCH(state) returns an action
v «— MAX-VALUE(state, —o0, +00)
return the action in ACTIONS(state) with value v

function MAX-VALUE(state, a, (3) returns a utility value
if TERMINAL-TEST(state) then return UTILITY(state)
V— —00
for each ¢ in ACTIONS(state) do
v «— MAX(v, MIN-VALUE(RESULT(s,a), o, 3))
if v > [3 then return v
a«— MAX(a, v)
return v

function MIN-VALUE(state, o, 3) returns a utility value
if TERMINAL-TEST(state) then return UTILITY(state)
U «— +00
for each a in ACTIONS(state) do
v < MIN(v, MAX-VALUE(RESULT(s,a) , o, (3))
if v < « then return v
B« MIN(S, v)
return v
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H-MINIMAX (s,d) =

EVAL(s) if CUTOFF-TEST (s, d)
MaX,e Actions(s) H-MINIMAX (RESULT (s, a),d + 1) if PLAYER(s) = MAX
MiN,e Actions(s) H-MINIMAX(RESULT (s, a),d + 1) if PLAYER(s) = MIN.
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Kasparov, Garry: Kasparov playing against Deep Blue, 1997
Garry Kasparov playing against Deep Blue, the chess-playing computer built by IBM.



Ryska, winner of the 2008 and 2009 World Computer Chess
Championships, 1s considered the strongest current computer player. It
uses an off-the-shelf 8-core 3.2 GHz Intel Xeon processor, but little 1s
known about the design of the program. Ryska’s main advantage appears
to be its evaluation function, which has been tuned by its main developer,
International Master Vasik Rajlich, and at least three other grandmasters.

The most recent matches suggest that the top computer chess
programs have pulled ahead of all human contenders. , ,

AIMA3e, pg. 186
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Stuart Russell and Peter Norvig,
Artificial Intelligence: A Modern Approach,
4th Edition, Prentice Hall, 2020.
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ADVERSARIAL SEARCH AND GAMES

In which we explore environments where other agents are plotting against us.

In this chapter we cover competitive environments, in which two or more agents have con-
flicting goals, giving rise to adversarial search problems. Rather than deal with the chaos
of real-world skirmishes, we will concentrate on games, such as chess, Go. and poker. For
Al researchers, the simplified nature of these games is a plus: the state of a game is easy to
represent, and agents are usually restricted to a small number of actions whose effects are
defined by precise rules. Physical games, such as croquet and ice hockey, have more com-
plicated descriptions, a larger range of possible actions, and rather imprecise rules defining
the legality of actions. With the exception of robot soccer, these physical games have not
attracted much interest in the Al community.

5.1 Game Theory

There are at least three stances we can take towards multi-agent environments. The first
stance, appropriate when there are a very large number of agents, is to consider them in the
agpregale as an economy, allowing us to do things like predict that increasing demand will
cause prices to rise, without having to predict the action of any individual agent.

Second, we could consider adversarial agents as just a part of the environment—a part
that makes the environment nondeterministic. But if we model the adversaries in the same
way that, say, rain sometimes falls and sometimes doesn't, we miss the idea that our adver-
saries are actively trying to defeat us, whereas the rain supposedly has no such intention.

The third stance is to explicitly model the adversarial agents with the techniques of ad-
versarial game-tree search. That is what this chapter covers. We begin with a restricted class
of games and define the optimal move and an algorithm for finding it: minimax search, a gen-
eralization of AND—OR search (from Figure 4.11). We show that pruning makes the search
more efficient by ignoring portions of the search tree that make no difference to the optimal
maove. For nontrivial games, we will usually not have enough time to be sure of finding the
optimal move (even with pruning); we will have to cut off the search at some point

For each state where we choose to stop searching, we ask who is winning. To answer this
question we have a choice: we can apply a heuristic evaluation function to estimate who is
winning based on features of the state (Section 5.3), or we can average the outcomes of many
fast simulations of the game from that state all the way to the end (Section 5.4).

Section 5.5 discusses games that include an element of chance (through rolling dice or
shuffling cards) and Section 5.6 covers games of imperfect information (such as poker and
bridge, where not all cards are visible to all players).




