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Research of Keyword Search Model over RDF Data Graph
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Abstract As huge amounts of the semantic Web data have sprung up, people are more concerned about query efficiency
over RDF data graph. Retrieving RDF data graph directly by keyword matching is an area of research focus. In this pa-
per,a retrieval model was proposed,which enables keyword search for RDF graph. First, for the improvement of query
efficiency, an algorithm named ISGR (an Iterative way to SubGraph Retrieval) was proposed,in which query keywords
can be matched with subgraphs from RDF data graph,and a collection of subgraphs which should be unique and maxi-
mal is got. Next,in order to solve the problems of redundant results and deviation that frequently emerge in keyword
search,a mixture ranking model (SimLM) was proposed, which considers the structural information between keyword
graph and result graph, and mixs statistical language model. A numbers of contrast experiments over two kinds of open
source real datasets prove that the retrieval and ranking model proposed in this paper outperforms well-known tech-
niques in the field of consistency and relevance.
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MR N BN TR EDT E B T R R — 5, 4505
H. Kappa {8, & — & 454 1 SmLM #5118 Kappa
18, 4R /5 5 SimLM J5 kit 8 Kappa (8,8 21% 7 $48038.

R7T —BHERE
X 5%
H kIR IMDb Dataset Library Thing Dataset
Ll & S 0. 409 0. 382
WA E RS % 0. 502 0. 429
SimLM ¥ # 0. 617 0. 508

Fleiss 7 C#R[ 14 1 #LE Kappa B KNS FE KX
#, 0% 8 f%l, 3 2% TREC &£BUFAM K EIT S Kappa
(0. 34~0. 54), N 7 FiF], SimLM FEIER M HIgE
Frf8 Kappa {43514 0. 617 1 0, 508, W% 8 R[5 45 7]
501,778k SimLM BEARFF & — SRR b R EARFL, &30
HBAMERFF SLRERFFIAARSMMHEEE, £7
BRERA A -WERFEHEFEEABRR N _EE4H
SimLM 77 &, Bl in g5 ¥y ¥ B B 7 i FE 4B 4 Library Thing
- #) Kappa UK 0. 382, A {5 B 3 R ERAR , U6 HF B0 — e [
B BEHEERFI=EME, LG SImLM FiktiE
E. B A REEE 2 ST IR, AT RN [ i S
£ LB AR IR AHR, IS R RF AR ER
W EEHERFE,

F8 TEEALMR

Kappa ff TEE
0.40 L F TREXE&%
* 0. 41~0, 60 TREE+E
0. 61~0. 80 TEER
0,81~1.0 FATE

LERIALIE SR LMs 5 SimLM H:xt b Se i s g i
Wk 9 Fr3l, A LMs B, AT HEESR T ARRE S
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IMs # & 0. 533 0. 476
6.4 HEXMEEH
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BBz i S N RN R R, B
TFAREZE AR MFHERFEARR, ARERALRKY DCGEX
AT, AR AT R, 25 36 A NDCGH A #
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DCGHHTF .

{DCG( ) =rel+ 3 T

=3 logyi

DCG(p)
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NDCG(p)=
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