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Why board games ?

One of the oldest subfields of Al (Shannon and
Turing, 1950)

— Abstract and pure form of competition that seems to
requireintelligence

— Easy to represent the states
— Actions are well-defined

Game playing as a search problem
States are acassble!
Contingency problem present

— Moves of the opponent are unknown !

Type of games

Deterministic | Chance
Perfect Chess chedkers, | Badkgammon,
infor mation go, othello monoyoly
I mperfect Bridge, poker,
infor mation scrabble, nuclear

war




Problems

» Board games are hard because of contingency
problem and size of seach tree

* Examples
— Chess: ~35 moves possible per state, 100 ply
e 359 nodesin tree(only 10% legal chesspositi ons)
— Go : ~200 moves per state, 300 ply
e 200*% nodesintree
» Goodgame playing algorithms
— Prune away irrelevant parts of thetree
— Have a good evaluation function
— Can look ahead deeply




Terminology

Two players:
— Minand Max (who starts)
Initial state
Operators
— Legal moves
Termination test
Utility function
— Determines the value of the result of the game,
— E.g. 1,0,-1 or in Backgammon [-192,+192]
Strategy

— Max wantsto find a winning series of moves which works for all
possible moves Min could make

Minimax

Complete seach of game tree

— Usually depth-first
Apply utility function on leaves of the tree
Starting with leaves determine value of nodes

— If n max node, then value(n) = max succ(n)
— If n min node, then value(n) = min succ(n)

Max then chooses best move in roat of the tree
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MIN

The minimax algorithm
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Properties minimax

Complete

— Yes, if treeisfinite

Optimal

— Yes, against an optimal opponent. Otherwise ?
Time complexity o(b™)

Memory complexity

— Using depth-first o(b.m)
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Resource limits

 Impossbleto search complete treefor most
games
 Standard approach
— Cutoff test
» E.g. depth-limited
— Evaluation function
» Estimate of desirability of position
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Evaluation functions

* Typically,

— Linear weighted sum of features

Eval(s) =w.f, +..+w, f,

eg.w =9
with f, = number of white queens - number of black queens

— Can often be learned
* Learningisthen the determination of the weights
* Features should be provided
— Hard task

— Relative values are important ! Not the exact ones 14




Example eval function

e Consider tic-tactoe

X
O

* One possible evaluation function
e(p) = no. of possble lines for MAX

- no. of possblelinesfor MIN
=6-4=2
» For gamesliketic-tactoe:
— Take care of symmetry !
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Quiescent search

» Evaluation function
should only be applied
on positions that are
quiescent, that is
unlikely to exhibit
wild changesin value

* Depth-limited not
aways adequate
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Horizon problem

* Blad has dight piece
advantage

e ... butisclealy lost

* May not be deteded
by depth-limited
seach
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Adequate to use minimax ?
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Alpha-beta search
| mproving upon minimax

 Keeptrak of for eadi MAX node
—  never decreases

— Denotes value of best path so far below MAX node
— Compute asvalue of best (largest) successor of MAX

— Discontinue search below MAX node when there exists a MIN
ancestor of node for which

 Keegptrak of for ead MIN node
—  never increases
— Denotes value of best path so far below MIN node
— Compute asvalue of best (smallest) successor of MIN
— Discontinue search below MIN when there exists a MAX ancestor
of node for which
» Alpha-betaresult isidentical to that of minimax ! Only

.. 21
more efficient

Call with max-value(initialstate, )
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11



Properties alpha-beta

* Best case (Aways best movefirst)  om™?)
* Average case
O((b/loghb)™)
for b <100 we get O(b*™*)
* In practice
— Using simple heuristics, closeto best case

— Therefor e often double depth of search!
— For chess, 6-7 ply
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Games of chance

* White threw 5/6 and
has 4 possble moves
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Game tree for games of chance
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Expected Utility

* Utili ty function for chance nodes C under MAX

d. : outcome dice

P(d,) : probability d.

S(C,d,) : reechable pasitions from C
utility(s) : evaluation of s
expedimax(C) = z P(d.) max utility(s)

<IS(C b))

o expedimin: similarly
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Problems

*  Order preserving transformations no longer dl owed

« Search costsincrease dramaticdly ~ from O(b?) to O((b.n)®)

» Backgammon : n=21, b=20 therefore d maximally 2
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State of the art

» Based onan article by

— Mathew Ginsberg, Scientific American, Winter
1998, Jpecial Issue on Exploring Intelligence
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