Oct-26-09—9:49 AM

”"‘." EEL5840: Elements of Machine Intelligence

Announcements

SubjuGator

4

|

‘ « Reading Assignment:

| > Nilsson chapters 13-14
\ » Announcements:
[ > Check the Web for LISP and
L\f\’ extra credit project Assignment
\ « Today’s Handouts in WWW:

) > Homework 10-12

> Outline for Class 27

> www.mil.ufl.edu/eel5840

> Software and Notes

el I

Universty o Forida 1
EEL S840 Class 427 - Fll 2000

""‘." EEL5840: Elements of Machine Intelligence
Today’s Menu

« Another Look at the Minimax Procedure
¢ Alpha-Beta Game Searches
« Efficiency of Alpha-Beta Search
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Adversarial Search

« Alpha-Beta Procedure

> In minimax search tree generation is separated from position
evaluation—only after tree generation is completed does
position evaluation begin.

> Remarkable reductions in the amount of search needed are
possible if we perform tip node evaluations and calculate
backed-up values simultaneously with tree generation.

> In the minimax search tree of Figure 12.5 it is possible to avoid
the generation of nodes B,C,D after generating node A without
changing in any way what will turn out to be MAX’s best-first
move
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¢ Alpha-Beta Procedure
> The same kind of savings can be achieved even when none of
the positions in the search tree represents a win for either player
> We perform DFS and whenever a tip node is generated, the
static evaluation function is computed with backed-up values
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¢ Alpha-Beta Procedure
> Reductions in search effort are therefore achieved by keeping
track of bounds on backed-up values. In general, as successors
of nodes are given backed-up values, the bounds can be revised
« The alpha value of MAX nodes (including the start node) can
never decrease
« The beta values of MIN nodes can never increase

-

. Search can be discontinued below any MIN node having a beta
value less than or equal to the alpha value of any of its MAX
node ancestors. The final backed-up value can be set to this
beta

. Search can be discontinued below any MAX node having an

alpha value greater than or equal to the beta value of any of its

MIN node ancestors. Set the final backed-up value to this alpha.
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« Alpha-Beta Procedure
> During search, alpha and beta values are computed as follows
— The alpha value of a MAX node is set equal to the current largest final
backed-up value of its successors
— The beta value of a MAX node is set equal to the current smallest final
backed-up value of its successors
> When search is discontinued under rule 1, we say that an alpha-
cutoff has occurred. Similarly, when search is discontinued
under rule 2, we say that an beta-cutoff has occurred.
> Employing alpha-beta search always results in finding a move
that is as good as the move that would have been found by the
simple minimax method searching to the same depth.
> Alpha-beta finds the same move usually after much less search.
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« Alpha-Beta Procedure

AB(n; o, B)

If n at depth bound, return AB(n)=static evaluation at n. Otherwise let
Ny,...,Ny,...,N, be the successors of n in order, set k<-1, and if n is a MAX
node; go to step 2, else go to step 2’

=

N

. Set a<—max[a, AB(n,;o.,B)] 2.” Set <—min[B,AB(n;0.,B)]

w

If a=p, return f, else continue 3. If B=a, return o, else continue

>

If k=b, return o; else
k<k+1 go to step 2

4. If k=b, return B; else
k<—k+1 go to step 2’

Begin with AB(s;-,+%) and o < § throughout
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« Alpha-Beta Procedure Example
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« Search Efficiency of the Alpha-Beta Procedure

— In order to do alpha-beta search , at least some part of the search tree
must be generated to maximum depth, which implies some form of DFS.

— The number of cut-offs that can be made during a search depends on the I
degree to which the early alpha and beta values approximate the final e n
backed-up values. L

— If atree has depth d and b successors, it will have b? tip nodes

— Suppose that an a3 procedure generated successors in the order of their
true backed-up values—the lowest valued successors first for MIN
nodes and the highest valued successors first for MAX nodes (this order
is unknown at the time of successor generation). Slagle et al and Knuth
etal

N4=2b%2-1 for even d or Ny=b(@*1/2+ p@+1/2_1 for odd d

Alpha-Beta with perfect ordering reduces the effective branching
factor from b to approximately v'b. Since this cannot really be
achieved [Pearl 1984] shows that it is more like b43 11
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