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MINIMAX(s) =

UTILITY () if TERMINAL-TEST(s)
MaXge Actions(s) MINIMAX(RESULT(s,a)) if PLAYER(s) = MAX
MiNge Actions(s) MINIMAX(RESULT(s,a)) if PLAYER(s) = MIN
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function MINIMAX-DECISION(state) returns an action
return arg max, . ACTIONS (s) MIN-VALUE(RESULT(state, a))

function MAX-VALUE(state) returns o utility value
if TERMINAL-TEST(state) then return UTILITY(state)
V— —00O
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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ALPHA-BETA PRUNING

()

3,31 [3.,2]§ 12, 2]

3 12 8 2 4 5 2

MINIMAX (r00t) = max(min(3,12,8), min(2,z,y), min(14,5,2))
= max(3, min(2,z,y),2)
= max(3, z, 2) where 2 = min(2, z,y) < 2
= 3.
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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, o, 3) returns a utility value
if TERMINAL-TEST(state) then return UTILITY (state)
V— —00
for each o in ACTIONS(state) do
v < MAX(v, MIN-VALUE(RESULT(s,a), c, 3))
if v > [ then return v
a+— MAX(a, v)
return v

function MIN-VALUE(state, a, 3) returns a utility value
if TERMINAL-TEST(state) then return UTILITY(state)
U — 400
for each a in ACTIONS(state) do
v < MIN(v, MAX-VALUE(RESULT(s,a) , o, (3))
if v < « then return v
3 MIN(3, v)
return v
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H-MINIMAX (s,d) =
EVAL(s) if CUTOFF-TEST (s, d)
MAaXge Actions(s) H-MINIMAX(RESULT (s, a),d + 1) if PLAYER(s) = MAX
Milge Actions(s) H-MINIMAX(RESULT (s, a),d + 1)  if PLAYER(s) = MIN.
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EXPECTIMINIMAX (s) =

UTILITY (s) if TERMINAL-TEST (s)
max, EXPECTIMINIMAX (RESULT(s,a))  if PLAYER(s) = MAX
min, EXPECTIMINIMAX (RESULT (s, a)) if PLAYER(S) = MIN

>, P(r)EXPECTIMINIMAX (RESULT(s,7)) if PLAYER(s) = CHANCE
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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.



Ryeka, winner of the 2008 and 2009 World Computer Chess
Championships, is considered the strongest current computer player. It
uses an off-the-shelf 8-core 3.2 GHz Intel Xeon processor, but little is
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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ADVERSARIAL SEARCH

In which we examine the problems that arise when we try to plan ahead in a world
where other agents are planning against us.

5.1 GAMES

Chapter 2 introduced multiagent environments, in which each agent needs to consider the
actions of other agents and how they affect its own welfare. The unpredictability of these
other agents can introduce contingencies into the agent’s problem-solving process, as dis-
cussed in Chapter 4. In this chapter we cover competitive environments, in which the agents’
CAME goals are in conflict, giving rise to adversarial search problems—often known as games.
Mathematical game theory, a branch of economics, views any multiagent environment
as a game, provided that the impact of each agent on the others is “significant,” regardless
. of whether the agents are cooperative or uompcliun:.’ In Al the most common games are
of a rather specialized kind—what game theorists call deterministic, tum-taking, two-player,
fition rosMouEs  zero-sum games of perfect information (such as chess). In our terminology. this means
i deterministic, fully observable environments in which two agents act alternately and in which

ch

the utility values at the end of the game are always equal and opposite. For example, if one
player wins a game of chess, the other player necessarily loses. It is this opposition between
. the agents” utility functions that makes the situation adversarial
Stuart Russell and Peter NOerg, Games have engaged the intellectual faculties of humans—sometimes to an alamming
. . . degree—for as long as civilization has existed. For Al rescarchers, the abstract nature of
Artificial Intelligence: A Modern Approach, wAcoes ek thor s ppdiling bJect ToF iy, Tho stale of & ae 16 Earsd Fepreseid
rd 141 : and agents are usually restricted to a small number of actions whose outcomes are defined by
3 Edltlon’ Prentlce Hall’ 20 1 0 precise rules. Physical games. such as croquet and ice hockey. have much more complicated
descriptions, a much 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

Chapter 5 attracted much interest in the Al community.

! Environments with very many agents are often viewed as economies rather than games.
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