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Abstract:In the field of artificial intelligence,the Constraint Satisfaction Problem (CSP) is an important research

direction,whose study results are widely used in Symbolic Reasoning,System Diagnosis, Truth Maintenance System,Resource

Allocation,and Product Configuration and so on.Letal consistency,which defines the properties that CSP must satisfy in the

process of constraint propagation,is the main.development direction of constraint propagation.It is much more difficult to

improve the performance of the complex series of AC algotithms about consistency problems.Based on the algorithms and

consistency technology represented by arc consistency and singleton arc consistency,the paper focuses on the improvement

of AC-2001 algorithm and SAC algorithm.The improvement is based on the heuristic algorithm to achieve higher filtering

speed.Especially,the improvement of SAC algorithm is quite successful because of its obvious reduction of constraint

checking times.
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B¥EAC2001: function Revise for AC2001

function Revise2001(in x,;:variable;
Ci: constraint);: Boolean;

begin

1 CHANGE false;

2 foreach v; D(x;) s.t.Last[x;,v;,x] D(x;) do

3 v; smallest value in D(x;)greater than Last[x;,v;,x;]
s.t.(x, V) cys

4 if v, exists then Last[x;,v;,x] v;;

5 else

6 remove vi from D(x,);

7 CHANGE true;

8 return CHANGE;

end
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Fig.1 Running time comparison of AC—2001 algorithm
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