546 8 11 1 D2 M- N 1 M = A < Vol. 46 No. 11
94 11 H COMPUTER SCIENCE Nov. 2019

B T A1 A8 38 < BX AN B9 RRFE IR 77 0%

F=EE'  {FiE®w FE4mR i A
(EREpE KT ENAZEHRER FK 400065 (GTELEHERTELLHE  F K 400065)°

B E B EA 2NN TG ER EZRABRIARRARZIAGXEZ, TR B PRy T
HHEMAE A ECEF L ARBEAAESPHRREELTRENHERN., BARNLNHETRA. AAG2RAETE
OETHEEWZAAFE RRAEAZHR T HAEGMRMLETRERE, B, oM &R BE RGBT GHRL
HE, AHNART L, ANTEEZIFMPRAELE A RXIEFT EMARRGRITE . —F @, TR E
HEAH MR AL RERA THRAEREN ZABROYT B —F 0. A AN R MRy 225 P T EHRE
B XAFHPABR A0 FHHRAG ARG AT, ST, RBET A TELEMULLARIGEXEIN G 4R
WEF ok, A ERNEEMAIARE PRHE B XRAREEX,FAAES ARG H XA LBHATR T, 3 W A kiR
B#CA G mir AEXTERAN, 5HEAXKAMNG XA AT, Z 5 HA3 0 XEAN T A@E 5 3 2 H 0 LK T &
HFRXEE R RIEE, THEREAN . 5H AT AL ZF ETASA M ELEMLILR PRI IR T XAR
FEEHW A MR,

KEHE RBETE, AN, R, LAKIE, Z LA 5mR

FEESES TP391 XHkARIZES A DOI 10.11896/jsjkx. 181001939

Knowledge Reasoning Method Based on Unstructured Text-enhanced Association Rules
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Abstract Knowledge bases (KBs) store entities, entity attributes and relations between entities in a structured man-
ner. Because the knowledge in the KBs can be easily processed by computers, KBs play a vital role in many natural lan-
guage processing (NLP) tasks. Although current KBs contain massive triple knowledge from the perspective of absolute
quantity, they are far less than the knowledge existing in real world. Therefore, many researches focus on how to enrich
the knowledge base with more high-quality knowledge. Internal reasoning and extracting from external resources are
two main kinds of methods for knowledge base completion, but they still need to be improved. On the one hand, since
the knowledge in KBs are not perfect and some errors exist,reasoning on such error knowledge will cause error propa-
gation. On the other hand, existing extracting methods usually focus on limited relations and properties and thus cannot
find comprehensive knowledge from external resources such as texts. In light of this, this paper proposed a knowledge
reasoning method based on unstructured text-enhanced association rules. In this method, the text representation pattern
is abstracted from the unstructured text firstly, then it is represented in the form of a bag of distribution,and the associa-
tion rules can be mined through combining the knowledge of KBs. The difference from the traditional association rules is
that the association rules obtained by the proposed method can directly match unstructured texts for knowledge reason-
ing. Experimental results show that the proposed method can efficiently infer triple knowledge from unstructured text
with higher quality and larger quantity compared with traditional methods.
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Fig. 1 Knowledge reasoning framework based on unstructured text-enhanced association rules
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Table 4

Examples of rules

BoD* (psosp) — AL

Z B AN

(American,0. 277,0.470,0.010) ,
(composed,0. 368,0.293,0.013),
(written,0. 408,0.951,0.034)
(music,0.453,0.379,0.009) , -

Occupation(e, , songwriter) »
Citizenship(e, , America) ,

Instance_of(e; ,song) , -+

Country_of_origin(e; s America) > Citizenship(e, , America) ,
Occupation(e, , guitarist) >Gender (e, smale) ,

Public_date(e; , before-90s) —>Gender(e, ,male) , -+

(married,0. 043,0. 388.0. 106) ,
(actor,0. 582,0.144,0.014),
(actress,0.642,0.229,0.032),
(with,1.041,1.511,0.019) -+

Male(e; »gender) ,
Female(e, , gender) ,

Occupation(e, ,actor) ,

Occupation(e; sactor) > Occupation(e, , film_actor) ,
Citizenship(e; , America) = Citizenship(e, , America) ,

Female(e, , gender) >Male(e, ,gender) , -+
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