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ABSTRACT

This paper presents techniques for discovering and matching rules with elastic patterns. Elastic patterns are the
ordered lists of elements that can be stretched or shrunk along the time axis. Elastic patterns are useful for
discovering rules from data sequences with different sampling rates. For fast discovery of rules whose heads
(left-hand sides) and bodies (right-hands sides) are elastic patterns, we construct a suffix tree from suceinct forms
of data sequences, The suffix tree is a compact representation of rules, and is also used as an index structure for
finding rules matched to a target head sequence. When matched rules cannot be found, the concept of rule
relaxation is introduced. Using a cluster hierarchy and a relaxation etror, we find the least relaxed rules that
provide the most specific information on a target head sequence. Performance evaluation through extensive
experiments reveals the effectiveness of the proposed approach.
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- Algorithm RTI-E:
Input :
Output :

Visit the node N;
Remove the matched prefix from @

prefix);
Else Call RIT-E(CN, @~) recursively;

a node N, a target head sequence @~
the child node CN, the length of matched prefix

Select the child node CN, where label(N, CN) is matched to the prefix of @

¥ @ becomes empty Then return a pair (CN, the length of a matched

UNR|F 1, RTLE: 244 9 72 #)A gx2g

Algorithm RTI-S
Input :

Visit the node N;
For each child node CN do

to label(N, CN) on T;

\_ recursively;

node N, cumulative distance table T

Build a new cumulative distance table newT, by adding rows corresponding

Find a nearer rule head J,~ from newT and update MinDist;
If futher traverse-down the tree is necessary, Then call RTI-S(CN, newT)
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