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Abstract: ObjectRank performs keyword search on databases. ObjectRank represents objects as a graph
and evaluates the importance of each node with respect to the keyword based on link analysis method which
extends PageRank. However, it is infeasible for ObjectRank to evaluate large graphs in a practical time since
it needs to iteratively calculate the product of matrix and vector during importance evaluation. In order to
address this problem, we propose a fast algorithm that efficiently approximates top-k search results obtained
by ObjectRank. Our proposed algorithm reduces the number of nodes to be calculated by identifying and
prunes nodes that have low influence on the top-k search results during the computation. In this paper, we
evaluate the performance of our proposed algorithm by experiments using real-world data.
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Fig. 2 A Data Graph constructed based on Fig. 1.
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Algorithm 1 Our proposed algorithm

Input: G, given graph; t, keyword; €, threshold; 7, maximum

number of iterations
Output: Top-k nodes from final subgraph G;

1: i+ 0
2: G+ G
3: while i < 7 do
4: for each v € G; do
5: calculate rgi)(v) by equation (2)
6: calculate gii)(v) and ng)(u) by equation (9) and (10)
7 end for
8: if all of the importance of v € G; converges then
9: stop algorithm
10: end if )
11: construct G;41 by pruning nodes whose upper bound Fgl)

is smaller than € from G;
12: i i+1
13: end while
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