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Method of Entity Set Expansion Based on Frequent Pattern underMeta Path
ZHENG Yu-yan, TIAN Ying, SHI Chuan.

(Department of Computer Science, Beijing University of Posts and Telecommunications, Beijing 100876, China)

Abstract: Entity set expansion (ESE) refers to getting a more complete set according to some rules, given several seed entities with specific semantic meaning. As
a popular data mining task, ESE has many applications, such as dictionary construction, querysuggestion and so on. Contemporary ESE mainly utilizes text or
Web information. That is, the intrinsic relations among entities are inferred from theirco-occurrences in text or Web. With the surge of knowledge graph in
recentyears, it is possible to extend entities according to their co-occurrencesinknowledge graph. In this paper, we study theproblem of the entity set expansion in
knowledge graph.That is, given several seed entities, more entities are obtainedby leveraging knowledge graph. We firstly model the knowledge graph as
aheterogeneous information network (HIN), whichcontains multiple types of entities or relationships, andpropose a novel methodof entity set expansion based on
frequent pattern undermeta path, called FPMP_ESE. The FPMP_ESE employs meta pathsto capture the implicit commontraits of seed entities. In order to find the
important meta paths between entities, we design an automatic meta path generation method based on frequent patterncalled FPMPG. Then, we design two kinds
of heuristic and PU learning methodsto distribute the weights ofmeta paths. Finally, experiments on real dataset Yagodemonstrate that the proposed method has

better effectiveness and higher efficiency compared to other methods.

Key words:knowledge graph;entity set expansion;heterogeneous information network;meta path;frequent pattern; PU learning
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Fig.1 A tiny example of entity. relationship and type in Yago
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5% Apriori FIEPO S R BATEAT T — Rl 0 TR S o AR 8 3077 AR L FPMPGUAH i SCPHE i S 1)
TCHE AR AR BE FPMPG R DA B R A C A A0 % 0¢ BRI A DA BE 5 80 = 0 - SIE 4k 22 ) 1) B B2 T % 42 FPMPG S5 R 2
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Table 1 An example of seed entity transaction in knowledge graph
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. ctedl hasWonPrize e oty 1 o NMusicFor—!
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Fig.2 Frequent pattern based meta path generation algorithm
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procedure GENERATEPATH

foreach t ETdo

39%?% C],Cg, ...,Cl;

9: end for

10: for each in C;,C,,...C; do

11: 315 FLF,,...Fp

12: end for

13: foreach in FF,,...,F/do:

14: ARYE 4 A5 B3 L 5 REEAE Cp;

15: BT T SR HL n;

16: ifn>7 then

17: 4EAH R 9% R B ARSI B E OC R AR SR Fp 5

18: end for

19: for each path EFpdo

20: ISR SRR B TTERAT p;

21: P<=p UP;

22: SP<=n USP;

23: end for

24: returnP.SP;

25: end procedure
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