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Abstract In this paper we consider efficient algorithms for top-k personalized social search, in which a document
score is synthesized from the relevancy to the query and social closeness between the searcher and the author of
the document. Since the score is synthesized from the two factors, there are three algorithms for the social search;
Single Index algorithm, Social Index Graph algorithm, Hybrid algorithm. We use Twitter data to compare the
efficiency of the two algorithms and show those features of performance. From the result we show validity of the
change rule on the hybrid algorithm.
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Algorithm 1 Single Index 000000

Algorithm 2 Social Index Graph 00O OO0

Require: u : searcher, q : query, k : # of highest documents
Ensure: docs : top-k documents

1: docs + empty priority queue

2: D(q) <+ getDocs(q)

3: for all d € D(q) do {in descending order of R(q,d)}

4: v — author(d)
5: Score(u, q,d) + aR(q,d) + (1 — a){B8S(u,v) + (1 — B)F(u,v)}
6: Score(u, q,d) < aR(q,d) + (1 — a){BS(u,v) + (1 — B)F(u,v)}
7: if docs.size < k or docs.kthscore < Score(u, q,d) then
8: docs < (d, Score(u, g, d))
9: else if docs.kthscore > Score(u,q,d) then
10: break
11: end if
12: end for
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F(u,v(d)) (4)

Require: wu : searcher, q : query, k : # of highest documents
Ensure: docs : top-k documents
1: docs + empty priority queue
2: Nodes + empty queue
3: Visited < empty list {visited node list}
4: u — Nodes, Visited
5: while Nodes not empty do
6: w < Node
7 for neighbor v of w do
8 if v € Visited then
9: v — Visited, Node
10: D(v, q) < getDocDivIdz(v, q)

11: for all d € D do {in descending order of R(q,d)}

12: Score(u,q,d) + aR(g,d) + (1 — a){BS(u,v) + (1 —
BF(u,v)} _ ~

13: Score(u,q,d) <+ aR(q,d) + (1 — a){BS(u,v) + (1 —
B)F(u,v)}

14: if docs.size < k or docs.kthscore < Score(u,q,d) then

15: docs < (d, Score(u, q, d))

16: else if docs.kthscore > Score(u, q,d) then

17: return

18: end if

19: end for

20: end if

21: end for

22: end while
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