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R1 : label(rootNode, PN) — label(PN, N)
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Algorithm RTI-E:

Input : a node N, a target head sequence Q"'

Qutput : the child node CN, the length of matched prefix
Visit the node N;

Select the child node CN, where label(N, CN) is matched

to the prefix of Q”:
Remove the matched prefix from Q*;

If Q_' becomes empty Then retum a pair (CN, the
length of a matched prefix);

Else Call RIT-E(CN, Q") recursively;
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Algorithm RTI-S

Input : node N, cumulative distance table T
Visit the node N;

For each child node CN do

Build a new cumulative distance table newT, by
adding rows corresponding  to label(N, CN) on

;

Find a nearer rule head %~ from newT and
update MinDist;

If futher traverse-down the tree is necessary,
Then call RTI-S{CN, newT) recursively;
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