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Abstract Token is a kind of structure. A token has a life cycle, The life cycle includes creating token, token executing
and canceling token. Creating token is to generate a six-tuple and to set parameters, Token executing is to implement
commands, fulfill relevant tasks and return results. A new association rule discovery algorithm was proposed according
to the characteristics of tokens. The algorithm creates tokens,and then the tokens scan the data set once. In the process
of scanning tokens mark the data objects with different marks. Then the data objects can be collected according to the
different marks and the rule patterns can be generated. Experimental results show that the algorithm has better per-

formances in incremental mining, time and space complexities.
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(2) 18 Arelevance R RIBHEME S diff (Arelevance) =
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(2) for (int i =1; i++; i<<=k) createTokens (&i);
(3) for (each tokeni) { send( t;); executing (t;}; }
(4) for GRIBEIEXT R MR FHRIE 60 {
(5)  Si= collection { Data (&) ) ; S« SiU Si+1:}
(6) rules_gen (S) ;
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function CreateTokens(t;) {
TID<id; ;
TSi«6k;
DSA;j«(Attribo, Attriby, *++, Attribn)
CS;«<—CommandSeti () ;
Description <33R {E 8 ;
}
function CommandSet; () {
double Min_ Support{
}
double Min_ Confidence{
}
G- (PRicHRIM )},

DMQL<{DMQL fir&-4};
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function Executing(t;) {
for(each data;) {
scan(datai) ;
if (datai KB FRERGAERLE)
markToken(®;) ; //& €0, E—FIxid
if (@ 5 @ 7€ datak ZFZEMZE) Conflict_Resolution()
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21 (10,30] [1,4] 6.142E-05 41 (50,70] [1,4] 0. 0007
22 (10,30] [5.8] 0. 00046 42 (50,70] [5,8] 0. 00199
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